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Abstract

This project provides an approach to scanning a real object by Structured Light and
reach 3D coordinate by digital camera and DLP projector. Camera shoots composes by lens
and it brings the image distortion of capturing picture. Therefore, we must use non-linear
correction to solve this issue. The image must be corrected before calculating the 3D
coordinate of objects. Moreover, Color distortion is also happened on common projectors.
Colors of projector are composed with base-colors which filtered by Color Wheel. Some
colors are not perfect with the RGB ratio from projector. That is why we need to correct the
colors used by projector. Thus, we need to adjust the RGB ratio of each color to ideal values.
The coordinates of object surface are computed with corresponding of camera and projector.
We use the colors Red - Green - Blue - Yellow - Cyan - Magenta and white. Assign the number
1~7 to each color and use permutation coding to generate the pattern. Beam the pattern on
object surface by projector and capture the picture by digital camera. Then obtain the 3D
coordinate information of object from the corresponding of camera and projector. The pattern
is composed with Color Groups which contents some color stripes. We need to decode the
color groups by color stripes of scan line. Obtain the sequence of each color stripe of current
color group and reach the Index of color group. The color stripes index number can be
obtained by offset value with the color group index. Then transfer the index numbers of
stripes to angles. Index numbers of stripes are implied in each color group of pattern. This
information can be obtained by pattern decoding. In order to get the information, we use the
Hue value to determine the number of color. Hue detection is better than RGB approach
because Hue value doesn’t include the Luminance information. That means we can reduce the
effect of intensity that reflects from non-uniform object surface. Pattern coding by
permutation also can reduce the Error Rate when color stripes lost in a single color group. We
can say it provides the Fault Tolerance ability and reduces the overhead of computing. The
result of resolution and performance of Permutation Coding is better than other approaches in
the same strategies. We increase 46% resolution which is more than De Brujin 3D scanning of
Spatial Neighborhood.

Keywords: Structured Light, 3D Scanning, Facial Scanning, Image Calibration, Color
Calibration,3D coordinate, 3D Reconstruction.
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Real Coordinates Measured Coordinates Difference
pﬁg?t X ¥ 7 X ¥y y4 X ¥ 7
1 | -63.49365 | 47.77219 | 1131.795 | -65.90383 | 49.07346 | 1131.354 | 2.410178 | 1.30127 0.441
2 | -63.49365 | 25.77219 | 1131.795 | -65.29942 | 25.0888 | 1130.298 | 1.805768 | 0.68339 1.497
3 | -63.49365 | 3.77219 | 1131.795 | -65.92804 | 1.475804 | 1130.345 | 2.434388 | 2.296386 1.45
4 | -35.49365 | 47.77219 | 1131.795 | -39.5212 | 48.18456 | 1131.156 | 4.027548 | 0.41237 0.639
5 | -35.49365 | 25.77219 | 1131.795 | -38.96487 | 25.45651 | 1129.617 | 3.471218 | 0.31568 2,178
6 |-35.49365 | 3.77219 | 1131.795 | -38.33448 | 1.806582 | 1129.559 | 2.840828 | 1.965608 2.236
7 | -7.493652 | 47.77219 | 1154.795 | -10.08615| 51.3269 | 1155.072 | 2.592498 | 3.55471 0.277
8 | -7.493652 | 25.77219 | 1154.795 | -9.851658 | 26.72958 | 1153.853 | 2.358006 | 0.95739 0.942
9 |-7.493652 | 3.77219 | 1154.795 | -10.18544 | 2.521339 | 1153.734 | 2.691788 | 1.250851 1.061
10 | 20,506348 | 47.77219 | 1154.795 | 18.74637 | 50.0021 | 1153.167 | 1.759978 | 2.22991 1.628
11 | 20,506348 | 25.77219 | 1154.795 | 18.76204 | 27.1092 | 1153.322 | 1.744308 | 1.33701 1.473
12 | 20,506348 | 3.77219 | 1154.795 | 18.28067 | 1.177034 | 1151,763 | 2.225678 | 2.595156 3.032
13 [48,506348 | 47.77219 | 1177.795 | 50.40196 | 50.54907 | 1179.187 | 1.895612 | 2.77688 1.392
14 | 48.506348 | 25.77219 | 1177.795 | 50.48996 | 26.69662 | 1177.211 | 1.983612 | 0.92443 0.584
15 |48.,506348 | 3.77219 | 1177.795 | 51.29723 | 3.620566 | 1178.324 | 2.790882 | 0.151624 0.529
16 | 76.506348 | 47.77219 | 1177.795 | 78.8362 | 50.54907 | 1176.816 | 2.329852 | 2.77688 0.979
17 | 76.506348 | 25.77219 | 1177.795 | 78.17258 | 27.08553 | 1176.85 | 1.666232 | 1.31334 0.945
18 | 76,506348 | 3.77219 | 1177.795 | 79.11197 | 2.242086 | 1176.42 | 2.605622 | 1.530104 1.375
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ABSTRACT

Based on human action recognition, this paper
proposes a new description model to record human
behavior. The paper makes use of action recognition
result and regards time information accumulated in
action recognition as features, records human actions
and time spent in these actions, then identifies events
through action combination and gives effective
processing toward these identified events. In order to
prove feasibility of human behavior description model,
we take events produced when pedestrians pass
through cross-road as example. Under cross-road
context in the experiment, total 60 films are shot
when five pedestrians are passing through cross-road,
producing 191 events. 187 events are correctly
detected in the experiment with correct rate of 98%.

1. INTRODUCTION

With science and technology gaining progress,
more and more intelligent surveillance systems use
digital media to store image data, whereas these
image materials are not effectively treated on the
first time spot of sudden accidence occurring, and
the happening events of video characters are only
known after people are required to review films.
Regarding this, we propose a description model of
human behavior to identify human action, and detect
events through action combination. When event is
identified, it will be given with most instant and
correct processing. However, even though it solves
the general problem of behavior recognition system
in action recognition, we still have no way to
understand action and behavior modes happening on
human, thus it is expected to achieve preventative
protection and emergence event processing in future.

System framework of this paper is described in
Fig. 1. We summarize a complete behavior analysis
framework, which is divided into object detecting,
object tracking, action recognition, human behavior

978-0-7695-3762-7/09 $26.00 © 2009 IEEE
DOI 10.1109/1TH-MSP.2009.104
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description model and event detecting, event
recording, event control and processing. It is wished
to introduce event prediction in new methods in
future. This paper follows methods proposed by our
lab. in the first three parts and introduces new
characteristics value and new action in action
recognition. After action recognition is made, the
processing procedure will adopt a model framework
proposed by this paper and describe event occurring
in human, thus make decision identification toward
processing mechanism.

Action
recognition

Source
Video

Object

>l
tracking

Object detecting

Human behavior
description model

Event
decision

Controlling
process

Fig.1 System framework diagram

2. RELATED WORK

Current techniques are mainly based on action
recognition. In the recent years, research and relevant
articles on events gradually emerge. Articles relating
to events are currently under establishment. Therefore,
this paper proposes a human behavior description
model, taking pedestrian passing through cross-road
as example, make whole and experimental analysis
toward event detection, and thus validate the
probability of this description model. This paper
mainly integrates multiple actions to provide
reference for event detection. Time is very essential in
action recognition, thus the method is divided into
time-unrelated and time-related in the research areas.

Time-unrelated method:
Thomas Kleinberger [1] proposes a certain

conditions required in ambient intelligence based
home care systems (AHCS), makes discussion toward
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possibly occurring recognition problems and gives
possible solution and answers. It is advantageous to
make full discussion toward problems occurring in
most  surveillance system. However, it is
disadvantageous that data in practical experience is
lacking and details of various aspects could not be
integrated in systematic way. PIRUELA, J.A. Mr. [2]
proposes a verification system, which uses shape
comparison to surveillance sensitive area when being
intruded. The advantages lie in that design of
recognition result could be relatively easier within
limited surveillance range .The disadvantages lie in
that it is more easily affected by foregoing detected
objects through shape comparison, influencing the
whole correct rate.

Time-related method:

The following researches introduce conceptions
of action and time thus strengthens results of behavior
recognition. Yun Yuan and Shaohai Hu [3] propose
that human behavior analysis method is adopted to
detect moving objects and uses anthropomorphous
characteristics to recognize human action, and finally
display the recognized action and time spot of action
occurring. Its advantages lie in that introduction of
action and time spot of action occurring makes people
understand what action occurs in character. However,
disadvantages lie in that relevant connection between
actions is unavailable, thus human behavior is
unknown. Juang and Chang [4] propose a calculus
method of neural fuzzy network to distinguish human
action, which is applied in home security to detect
actions of people falling down or lying down for rest.
It is advantageous to put time consideration into
action, thus falling down and lying down for rest
could be distinguished. But it also has disadvantaged
that time is put into consideration in single action. If
times of multiple actions are introduced, recognition
will be more correct. Caroline Rougier and Jacqueline
Rousseau [5] propose a new way to detect event of
human falling down. When old people stay at home
alone, automatic security surveillance is made by
combing motion history image (MHI) and change in
the human shape. Its advantage lies in that many
falling down actions are more identified accurately by
using relevance between actions. Its disadvantage is
an overall module framework is lacking for behavior
recognition toward a single action. Naresh P. Cuntoor
and Rama Chellappa [6] propose to adopt hidden
Markov model (HMM) to decide occurrence
probability of each event. Occurrence probability of
each event is detected from action and provides
information for training sample. Occurrence
probability of events could be any time spot. In case
two events occur at the same time, similarity between
these two events could be calculated. If it is a high
similarity, they could be judged to be the same event.
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It is advantageous to adopt HMM in training event. If
occurring event has a high similarity with event in
training sample, the occurring event is categorized to
be the same as training event. Its disadvantages lie in
that some events show different event meanings in
different time spot, even though the same action is
made, thus it could increase training time and cause
training failure due to complexity of events. Gaitanis
Kosta and Macq Benoit [7] propose a new method of
recognizing human behavior, which mainly
transforms hidden markov model (HMM) into multi-
agent hidden markov model (M-AHMEM) and uses
actions in different parts of human to decide human
behavior in ranking way. Its advantages lie in that
multiple actions are promoted to be combined and
increase recognition rate of single action. Its
disadvantages lie in that we know which action is
made by human rather than effectively understand
which event occurs in human.

Thus this paper proposes a description model of
human behavior to simulate human behavior, and
makes further knowledge about which event occurs,
and then establishes twelve different and meaningful
events under context of pedestrian passing through
cross-road to validate probability of this model.

3. HUMAN BEHAVIOR DESCRIPTION
MODEL AND EVENT DECISION

We propose a new human behavior description
model which model framework is illustrated in Fig. 2.
This description model is applicable to any human
behavior. From Fig. 2, it is known that human
behavior model is mainly consist of input action,
action queue and event conditions. In this paper,
human actions is input in human behavior description
model, and each action and occurrence time of action
is input and stored in action queue. When action
recognition finishes, information in action queue is
transferred to event conditions for event decision.
Different event is decided by putting characteristics
values into event conditions. In case occurring
behavior of human conforms to these conditions,
satisfied event conditions are triggered, Event
conditions include decision formula in each situation.
When event occurs, the decision condition of event is
satisfied. This paper shows event decided in event
conditions.

In this paper, when human makes action, time
of accumulating actions will be recorded. When all
event conditions are satisfied, an event will emerge.
One occurring event is based on multiple
combinations of actions, whereas similar action
possibly shows different meaning. Therefore, this
paper aims at finding what event we need to
recognize, take occurring action of human and
accumulating action time as parameter, and thus



understand what actions are made by human in an
event. We also record occurring situation through
action combination, based on action recognition result,

record spending time of individual i-action as (7).

We record time of producing all actions by human in
a period and record it as T , seen in Eq. (1):

T=3T
1

Method of storing action queue in Fig. 2 is seen
in Eq.(2), among which action queue collects all
recognized actions of human in frame with total
number of i. After colon, how much time is
experienced from start to end of i-action moving is
recorded. Null means no action occur or no action yet
to be recognized in this paper. Therefore, when action
doesn’t occur or no action is to be recognized,
sustaining time of Null is still recorded, seen in Eq.

Q).

(M

AQ={Action 1:T,, Action_2:T,,..., Action_i:T} (2)
AQ={Null _1:T,Action_2:T,,..., Action_i:T} (3)

=)
n

Fig. 2 Human Behavior Description model

Lvent condition,

Action
queue,

In order to help understanding functions of this
model, we provide a simple example for explanation.
This paper takes walking actions made by pedestrian
under yellow traffic light when passing through cross-
road as example. Pedestrian will walk for about 2
seconds, and fall down in the middle of crossing road
for 9 seconds. We actually put this example in our
model. Fig. 3 put the following characteristics in
event conditions, including action queue, emergency

time and pedestrian location Cx; .

Action queue (AQ) record occurring action of
human and occurrence time of action, and deliver
them in event conditions. Emergency time (ET) is
recorded from time of falling down to recovering
walking or sounds alarm due to time of falling down
lasts too long. We use C to represent gravity center

location of pedestrian, Cx represents coordinates in

1024

X

coordinates in X axis of gravity center when
pedestrian stays in different time.

We use a step-by-step procedure to make
people understand the whole procedure, seen as
follows:

Stepl:

When pedestrian passes through road and enters in
frame, we could know walking action of human
through action recognition.

Step2:

We transfer the walking action and time of
accumulating actions to action queue.

Step3:

We deliver action and time information of actions
accumulated in action queue to event condition for
decision. At this time, pedestrian only walks 2
seconds conforming to condition c rather than a and b
condition, thus step 4 is returned.

Step4:

If not conforming to event condition, we still return
state of inputting action recognition.

StepS: Action recognition system detects action of
falling down of pedestrian; AQ=FD.

Step6:

Lasting time of falling down is recorded. Falling
down for 9 seconds of pedestrian is transferred to
action queue.

Step7:

At this time, AQ=FD, Cx;, Cx,>0, ET>8sec,
decision formula a, b and c is valid, and skip to Step8 .
Step8:

If conforming to condition of decision formula, it is
known that pedestrian falls down and lies down for 9
seconds, event 12 will be output.

S(ep 4
Step 1 Step 5

Step 2 ‘Action Step 6
Tl=2sec queue T2=9sec

Fig. 3 Human Behavior Description model (example)

axis of gravity center, Cx,Cx, represents

aET>8sec
b.AQ=FD

x,,Cx, >

Step 3 |
(Step 7)

4. EXPERIMENTAL RESULT

In order to validate feasibility of human
behavior description model proposed in this paper, we
make an experiment toward pedestrian who are
passing through cross-road which is shot by DV and
regarded as the experimental scene. There are totally
60 films for five different pedestrians shot in the

Step 8 Event 12



experiment, which include 191 events based on
predefined 12 kinds of event conditions. Undetected
amount of events and wrongly decided amount of
events are calculated for each kind of event condition.
In Table 1, first column shows twelve events defined
by system. Second column shows amount of each
event occurring. Third column divides detection
amount into two kinds-miss amount means undetected
events in event films; error amount means events
wrongly regarded for others in event films. Last
column is divided into miss rate, error rate and correct
rate. Correct event recognition rate in the experiment
is 98% and error rate is 2%. Through the human
behavior description model, most event decision is
conducted and human behavior could be effectively
and correctly recognized.

Tablel Event recognition result and recognition rate

Event | Event De]';e;zon Recognition Rate
case  Jamount Miss| Error|Miss%o|Error%]|Correct%
Eventl 21 0 0 0% 0% 100%
Event2 15 0 0 0% 0% 100%
Event3 15 0 2 0% | 14% 86%
Event4 12 0 2 0% | 17% 83%
Event5 20 0 0 0% 0% 100%
Event6 5 0 0 0% 0% 100%
Event7 0 0 0% 0% 100%
Event8 11 0 0 0% 0% 100%
Event9 11 0 0 0% 0% 100%
Eventl0| 14 0 0 0% 0% 100%
Eventll | 27 0 0 0% 0% 100%
Event12 | 31 0 0 0% 0% 100%
Summary| 191 0 4 0% 2% 98%

5. CONCLUSION

A whole intelligent surveillance system is
consist of following sections, such as object detecting ,
object tracking, action recognition, human behavior
description model and event detecting, event record,
event control processing, event prediction. In the
processing following action recognition, this paper
proposes a human behavior description model to
describe events occurring to human and exerts as
decision and processing mechanism, finally shows
excellent experimental achievement. As long as each
action is combined into meaningful event at premise,
behavior description model in this paper could be
flexibly applied in various event decisions, finally
realize goal of behavior analysis.

Based on a human behavior description model,
this paper could correctly and instantly decide human
behavior. When human behavior produces a
meaningful event, this system could make effective

and correct recognition. The paper takes pedestrian
passing through cross-road as example. Correct rate
in the experiment is 98% and error rate is 2%.
Through the human behavior description model, most
event decision is conducted and human behavior
could be effectively and correctly recognized.
Additionally, in order to validate model feasibility,
the experiment includes events occurring when five
pedestrian cross road, which is divided into
emergency behavior and general behavior. With
regard to emergency event, an instant control of
traffic light is conducted, so as to protect security of
pedestrian ; General behavior is mainly used to
protect security of walking pedestrian and remind
pedestrian for safety.
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A Novel ASM-Based Two-Stage Facial Landmark
Detection Method

Ting-Chia Hsu, Yea-Shuan Huang, and Fang-Hsuan Cheng

Computer Science & Information Engineering Department,
Chung-Hua University, Hsinchu, Taiwan

Abstract. The active shape model (ASM) has been successfully applied to
locate facial landmarks. However, in some exaggerated facial expressions, such
as surprise, laugh and provoked eyebrows, it is prone to make ' mistaken
detection. To overcome this difficulty, we propose a two-stage facial landmark
detection algorithm. In the first stage, we focus on detecting the individual
salient corner-type facial landmarks by applying a commonly-used
Adaboosting-based algorithm, and then further apply a global ASM to refine
the positions of these landmarks iteratively. In the second stage, the individual
detection results of the cormer-type facial landmarks serve as the initial
positions of active shape model which can be further iteratively refined by an
ASM algorithm. Experimental results demonstrate that the proposed method
can achieve very good performance in locating facial landmarks and it
consistently and considerably outperforms the traditional ASM method.

Keywords: Active Shape Model, Facial Landmark Location.

Introduction

Facial feature extraction is a very popular research field in the recent years which is
essential to various facial image analyses such as face recognition, facial expression
recognition and facial animation. In general, based on different kinds of information
extraction, the technology of facial feature extraction can be divided into two
categories. First, local method, which is to detect local face components such as eye
pupils, eye corners, mouth corners, etc. Secondly, global method, which makes use of
the whole geometric structure of face components to locate the interested facial
landmarks. In local method, because the feature models of facial landmarks are
mutually independent, the detection result is easy to be affected by the variation of
lighting and poses. In global method, because it uses a set of feature landmarks to form
a global facial structure model, it usually has more ability to endure the detection error
of individual landmark. Therefore, the global method generally obtains better
performance in locating facial landmarks. At present, three kinds of the most
commonly-used methods are deformable templates (DT) [1], active shape models
(ASM) [2][3][4] and active appearance models (AAM) [5]. Both ASM and AAM are
provided by Cootes, they iteratively decrease an energy function to obtain the
optimized facial landmark locations.

G. Qiu et al. (Eds.): PCM 2010, Part II, LNCS 6298, pp. 526537, 2010.
© Springer-Verlag Berlin Heidelberg 2010
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In recent years, ASM has been successfully applied to medical image analysis,
such as computed tomography (CT), and it also can be applied to locating facial
feature landmarks. However, the accuracy of the facial feature localization is still a
problem because face images are much complex than medical images. Therefore,
researchers keep on proposing new methods to improve its performance, such as
Haar-wavelet ASM [6], SVMBASM [7] and ASM based on GA [&]. In general, these
new methods have better accuracy than the original ASM, but they all are still prone
to make mistaken detection in exaggerated facial expressions.

In this paper, we present a novel two-stage algorithm to improve the performance
of facial landmark detection. The traditional method of ASM uses the average facial
shape template to initialize the positions of facial landmarks, and it iteratively finds
the best landmark positions only along the normal direction of edge contours. This
process may contain two kinds of drawbacks. First, the average facial shape template
may deviate considerably from the genuine landmark positions, therefore the
landmarks are not able to be found correctly. Secondly, the genuine landmark position
may not be located on the normal direction of edge contour, which will accordingly
produce unsatisfactory landmark positions. Furthermore, when people have made
exaggerated facial expressions, the traditional ASM often performs poorly because
the shapes of exaggerated facial expressions usually are very different from the
average facial shape. However, through analyzing the structure of human face
compositions, we can understand the shape variation of human face mainly depends
on the positions of the left/right eye inner and outer corners, the left/right inner and
outer eyebrow corners and the left/right mouth corners. If these corner positions can
be found correctly at the first stage, it will be able to set more approximate initial
positions for the facial landmarks. Accordingly, better landmark locations can be
found through ASM iteration and the accuracy of landmark detection can be much
improved. From the above discussion, an improved landmark detection method is
proposed which detects the corner-type landmark first, uses the detected corner-type
landmarks to initialize the facial feature positions in the second stage, and then
applies ASM to obtain the final landmark positions.

This paper is organized as follows. Section 2 introduces the classical ASM method
and Section 3 describes the proposed two-stage ASM. Experimental results are given
in Section 4, and finally, conclusions are drawn in Section 5.

2 Review of the Active Shape Model (ASM)

ASM is one of statistical models, which contains a global shape model and a lot of
local feature models. Section 2.1 decides the shape model; Section 2.2 describes the
local feature models and Section 2.3 describes the ASM algorithm.

2.1 The Shape Model

Suppose there are n facial feature points and each one is located at obvious face
contour. The positions of these n points are arranged into a shape vector X, that is

X = [ X1, Y1) %2, V2 o Xts Vies o s X Y 17 (1)
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where x; and y, are the horizontal coordinate and the vertical coordinate of the kth
feature point respectively. '

Using the PCA operation, the eigenvectors of the covariance matrix corresponding
to main shape variations can be generated. Then, a shape model can be represented as:

x=X+Pb (2)

where X is the mean shape model, P = [®; @, ... P,] is the eigenvectors
corresponding to the ¢ largest eigenvalues, and b is the shape parameter which is the
projection coefficient that X projects onto P. Usually, b; is constrained within the range

of +3,/4; , so that a constructed face shape will not degenerate too much.

2.2 The Feature Model

In general, we suppose a landmark is located on a strong edge. According to the
- normal direction of a landmark, we can get m pixels on both sides of this landmark.
So, for each landmark, there are in total 2m-+1 gray-level values which form a gray-
level profile g; = [gio,gil, ...,gi(Zm)], where i is the landmark index. In order to
capture the frequency information, the first derivative of profile dg; is calculated as

dg; = [gi1 — Yio »Yiz — Yi1s - rgi(Zm)—gi(Zm—l)]- (3)
In order to lessen the influence of image illumination and contrast, dg; is normalized
as

- I dg;
Yi

= SE g where dg;. = gi(re+1) — Gik- 4)

The feature vector y; is called “grayscale profile”.

2.3 ASM Algorithm

The ASM searching algorithm uses an iteration process to find the best landmarks
which can be summarized as follows:

Initialize the shape parameters b to zero (the mean shape).
Generate the shape model point using the x = X + Pb.
Find the best landmark z by using the feature model.
Calculate the parameters b’ as b’ = PT(z — X).

. Restrict parameter b’ to be within +3./1;.
If [b" — b] is less than a threshold value, then the matching process is completed;
else b = b’, and return to step 2.

LA W =

3 The Proposed Method

The traditional ASM only uses the grayscale profile as its feature model. However,
the grayscale profile is inherently a one-dimensional feature which in general is too
simple to represent the distinct information of a landmark point. Basically, there are
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two other drawbacks of the traditional ASM. The first is that it selects the target
points only from the candidates along the normal direction of edge contour. If the
target point is not located in the candidate points, it will cause the found target point
incorrect. The second is it uses a fixed search range for different landmark points.
But, different landmarks in fact may require different search ranges because they have
different variation extents.

In general, the facial feature landmarks can be attributed into two types: corner-
type landmarks and edge-type landmarks. The corner-type landmarks (such as the
left/right eye inner/outer corners) have very unique 2-D shapes looked like corners,
but the edge-type landmarks (such as the landmarks of eyelid or mouth lip) have non-
unique 1-D shapes shown as a line. Fig. 1 shows some examples of corner-type
landmarks and edge-type landmarks. Obviously, the corner-type landmarks are much
easier to detect than the edge-type landmarks. Therefore, in this paper we propose a
novel two-stage facial landmark detection algorithm. The first stage is to locate the
corner-type landmarks, and the second stage is to locate the whole facial landmarks
by using the locations of the detected corner-type landmarks in the first stage as the
initial positions of ASM. In this study, we define a total of 10 corner-type landmarks
which are the left/right eye inner and outer corners, the left/right eyebrow inner and
outer corners, and the left/right mouth corners. Another difference of our method to
the traditional ASM is to define variable search ranges for different edge-type
landmarks according to their variation degrees. That is if from the training data the
positions of an edge-type landmark differ a lot, the search range of this landmark will
be accordingly large. On the contrary, if the positions of an edge-type landmark are
very stable, the corresponding search range will be relatively small. The proposed
method will be introduced in the following.

+ corner-type landmarks

» edge-type landmarks

Fig. 1. Examples of the corner-type landmarks and the edge-type landmarks, where ‘<> denotes
corner-type landmarks and ‘ ° denotes edge-type landmarks

3.1 The First Stage

Adaboosting algorithms have been extensively used for object detection and they often
obtain outstanding detection performance. Therefore, for each corner-type landmark
we used the Adaboosting algorithm [9] to construct a detector in the first stage.
Samples of the 10 corner-type landmarks are shown in Fig. 2 in which the black spots
indicate the corner representative positions and they are not necessary to be located at
the center of the image blocks. In order to improve the issue on search range, we
defined different search ranges for different corner-type landmarks in Fig. 3.
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Fig. 3. The two-dimensional search ranges of 10 comer—type'landmarks

With a constructed Adaboost-based detector, it may obtain several candidates of
one landmark in the defined search range, and accordingly it is necessary to select the
correct one among them. Because different corner-type landmarks are located at
different facial geometric compositions (i.e. eyebrow, eye and mouth), their candidate
selections should be designed according to their own affecting external factors (such
as hair and glasses). With the above understanding, we categorized the 10 facial
landmarks into three groups (eyebrow, eye and mouth) based on their functions and
their geometric positions. Let e(x,y) be the edge strength of pixel (x,y) and s(x,y) be
the detection score of a specific Adaboost-based corner-type landmark detector. Then,
each group has its own candidate selection design as described in below.

3.1.1 Candidate Selection of Eyebrow Corners

Conceptually, an eyebrow corner should have a strong horizontal edge strength and a
weak vertical edge strength. But, because the eyebrow may be covered by hair, just
using the edge strength cannot get good candidate selection result. Instead, a HOG
(Histogram of Oriented Gradients) [12] feature is also used to select the eyebrow
corners. Therefore, in order to select the correct candidate, three factors are taken into
consideration as

1
Feyevbrow (x,y) = alog s(x,y) + B log e(x,y) +v log (m) &)
where o, B and vy are three weight parameters, s is the detection score of the Adaboost-
based eyebrow detector, e is the edge strength and h is the Mahalanobis distance of
the HOG features between the corresponding eyebrow model and the eyebrow
candidate at pixel (x,y). Among the eyebrow corner candidates, the one having the
largest Feyeprow is the selected candidate.

3.1.2 Candidate Selection of Eye Corners
Because an eye corner and its near pupil present a rather stable distance, this property
can be used to select the eye corners. Since our face detection algorithm can detect
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not only face positions but also both pupil positions, both eye corners accordingly can
be roughly estimated from the detected pupil positions. Among the eye corner
candidates, the one closest to its estimated eye corner is selected. Fig. 4 displays an
example of eye corner selection. '

The estimated eye corner

The eye corner selection result

Fig. 4. An example of eye corner selection, where ‘@’ denotes an eye corner candidate, and *
&’ denotes the estimated eye corner

3.1.3 Candidate Selection of Mouth Corner
Because the mouth corner candidates usually are located either at the correct mouth
corners or at the facial wrinkle corners with medium-large edge strengths, it will be
ineffective if the edge strength is used to select the correct mouth corner candidate.
However, the two kinds of candidates have very different variances. In general, a true
mouth corner has a larger variance than a wrinkle corner does. With this
understanding, F,,ouen (X, Y) is designed to reflect the possibility that a candidate is
truly a mouth corner as Fy,o,:n(x,¥) = plog s(x,y) + wlogv(x,y), where u and
w are weight parameters, v is a variance function. Among the mouth corner
candidates, the one having the largest Fp,ou:n 1S selected to be the correct one.
Sometimes, especially when one opens his/her mouth widely or compresses his lip
mightily; the largest Fp,oun may correspond to a wrong candidate. In fact, when a
mouth is widely opened, it is difficult to detect by an adaboost-based detector because
the current mouth image deviates significantly from the normal mouth appearance,
and sometimes even all the detected candidates do not contain the correct mouth
corner. Similarly, when one compresses his/her lip mightily, the variance of a facial
wrinkle corner may be larger than that of the correct mouth corner. Therefore, we
further proposed a method to improve the correctness of mouth corner selection.

3.1.4 Further Improvement of Mouth Corner Selection

If the angle between the line passing two eye pupils and the line passing two mouth
corner candidates is larger than a threshold, it indicates the current mouth direction is
inconsistent to the current eye direction and this constitutes an abnormal face
composition. Therefore, it will be very useful for us to make a certain modification so
that a wrongly selected candidate can be updated to a correct one. Our experiments
showed when encountering an abnormal face composition, most probably one mouth
corner candidate (called ‘candidate A’) is correctly selected and the other one (called
‘candidate B’) is incorrectly selected. Therefore, we try to predict the correct position
of candidate B by using the correct candidate A. Experiments showed the two eye
pupils are easier to detect than the two mouth corners and they have higher detection
accuracy. So we can remedy the wrongly detection mouth corners from the detected
eye pupils. First, from the two selected mouth corner candidates, we need to decide
which one is correct and which one is incorrect. To serve this end, we simply select
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the candidate with the larger detection score as the correct one and the other one as
the incorrect one. The selected correct candidate is called the “base point”. From the
two detected pupils, a middle separating line can be constructed which has the same
distance to the two pupils. Then, from the “base point” and the middle separating line,
an “anchor point” located at the other side of the middle separating line can be found.
The base point and the anchor point have the same distance to the middle separating
line. Then, a segment can be defined by taking the anchor point as its center, having
1/3 length of the distance between two pupils, and being along the line direction
parallel to the two pupils. Within the segment, the most appropriately predicted
candidate is obtained by the following design. For each candidate C, two sub-blocks
can be defined, one is in the left side of C and the other is in the right side of C. For a
true mouth corner candidate, one of its sub-blocks contains a large portion of lip
pixels which is called “lip-attributed sub-block” (LASB), and one of its sub-blocks
contains a large portion of skin pixels which is called “skin-attributed sub-block”
. (SASB). Basically, the most appropriately predicted candidate C satisfies two
conditions. First, the intensity of the corresponding LASB is smaller than that of the
corresponding SASB. Second, the intensity variance of the corresponding LASB is
larger than that of the corresponding SASB. However, for each pixel candidate, it is
not necessary to explicitly decide which sub-block is the LASB and which is the
SASB. Instead, this can easily be decided by simply considering the physical
composition of the current processing candidate. If the candidate under consideration
corresponds to a left mouth corner, the left sub-block is the SASB and the right sub-
block is the LASB. On the contrary, if the candidate under consideration corresponds
to a right mouth corner, the left sub-block is the LASB and the right sub-block is the
SASB. Therefore, for a true mouth corner candidate, it must follow '

{ Var(LASB) > Var(SASB)

Avg(LASB) < Avg(SASB) (6)

Here, Var and Avg denote the intensity variance and the average intensity of a sub-
block, respectively. If there are more than one candidate meet the above conditions,
the one having the largest sum of Var(LASB) and Var(SASB) is selected to be the
most appropriately predicted candidate. '

In Fig. 5, the square point and the circle point denote the selected candidates of the
left mouth corner and the right mouth corner, respectively. The triangle point denotes
the found anchor point and the line segment passing the triangle point is the search
range of which the most appropriately predicted candidate of the right mouth corner is
decided.

Fig. 5. An illustrative graph for further improving mouth corner selection
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3.2 The Second Stage

This second stage is to detect the whole facial landmarks by using the detected
locations of the corner-type landmarks from the first stage as the initial positions of
the second-stage ASM model. Beside the initialized landmark positions of eyes,
eyebrows and mouth, the nose landmark positions are also initialized according to a
new composition of eye corners and mouth corners. The average position (S,, S,) of
the 4 corner-type landmarks (including the left-eye inner corner, the right-eye inner
corner, the left mouth corner and the right mouth corner) taken from the average face
shape is computed as a reference point. The new nose landmark positions can be
estimated by the following three steps:

Step 1. Compute the new average position (C,, C,) of the 4 corner-type landmarks
obtained from the first stage;

Step 2. Compute the displacement (d,, d,) between the reference point and the new
reference point, i.e.

(dx' dy) = (Cx'Sx, Cy'S_v)

Step 3. Shift each nose landmark position X; by (d,, dy),ie
X; = X; + (dx,dy), i € landmarks of nose

Fig. 6 shows the initialization method of nose landmarks, and the blue solid circle is
the reference point, the blue hollow circle is the new reference point of the currently
being processed face, the black triangle denotes the original nose shape, the red
triangle denotes the re-initialized nose shape after the displacement of d, and d,.

¢ Right eye - «_Right eye
reference point v reference pomtr ............. > original nose shape
- ._e ’. £
dy I A 5 new reference

point
i

-2 new nose shape

(@) (b)

Fig. 6. Initialization of nose landmarks (a) average shape;(b)result of first stage

As for defining the appropriate search range of each edge-type landmark, the
standard deviation of its position is adopted. First, the feature landmarks are divided
into six groups, as shown in Fig.7. Group 1 denotes the eyebrow-related landmarks;
Group 2 denotes the eye-related landmarks; Group 3 denotes both side nose-both-
side-related landmarks; Group 4 denotes the bottom nose-bottom-related landmarks;
Group 5 denotes the upper-lip-related landmarks; and Group 6 denotes the lower-lip-
related landmarks. On purpose, all the landmarks in the same group use a same search
range SR, which is defined as:
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1 n

sd() = |2 > Gy — )7 @
i=0

SR;, = jergp}gicpk sd(j) (8)

where k is the group index, j is the landmark index, X; is the average position of the
Jjth landmark, and sd (j) is the standard deviation of the jth landmark position.

* @ > Group 1v
& & & W @ & & 2]
&, dedr 4
C e N e Group 2«
- @

: y > Group 3+
Group 4+
e e

Fig. 7. A illustrative diagram of the six-groups facial landmarks

4 Experimental Results

We use the well known BioID face database and a part of the Cohn Kanade database
to train the ASM shape model and the 10 corner-type Adaboost-based detectors. In
total, there are 3016 BiolD face images (include mirrored images) and 6588 Cohn
Kanade face images used in the training stage. Because the Cohn Kanade database in
total contains 9005 face images, the remaining 2417 face image is used to test the
performance of landmark localization. Fig. 8 shows some samples of both databases.
The 50 landmark points are manually labeled for all the images '

(a) (b)
Fig. 8. (a) Examples of the BIOID database, and (b) Examples of the Cohn Kanade database

The hit rate of each corner-types landmark is calculated and is listed in Table 1. In
this paper, the hit rate of each landmark is defined as

N .
o i
hit rate(%) = —iiNf-(—) * 100% €)
v MW
: 1 ;i ; — D; . w = ot . W
f(1)={ ,if [M; — D;| < 0.3 * MY and 1.5<Dl <15*xM (10)
0 ,otherwise

where N is the total number of test images, M; is the manually marked position of this
landmark of the i-th image, D, is the representative position of the detected landmark



A Novel ASM-Based Two-Stage Facial Landmark Detection Method 535

block of the i-th image, D) is the width of the detected landmark block of tﬁe i-th
image, and MY is the width of the manually marked landmark block.

Table 1. The hit rates of different corner landmarks. The index 1/2 is the left outer/inter
eyebrow corner, the index 3/4 is the right outer/inter eyebrow corner, the index 5/6 is the right
outer/inter eye corner, the index 7/8 is the left outer/inter eye corner, the index 9/10 is the
right/left mouth corner.

Index 1 2 3 4 5 6 7 3 9 10
Hit rate(%) | 97.4 1 949 | 93.9 | 99.3 | 96.3 | 96.6 | 98.8 | 98.4 | 94.7 | 98.2

For evaluating the accuracy of landmark localization, the error rate E is defined as

N
1 pt;; — ans_pt;; _
E, = NZ( st + 100%) (11)
i=1

where pt;; is the detected position of the j-th landmark of the i-th image, ans_pt;; is
the manually marked position of the j-th landmark of the i-th image, and dist; is the
distance between the two pupils of the i-th image.

The overall performance of the proposed two-stage ASM method and the

traditional ASM are compared by showing their individual errors of each landmark in
Fig. 9.

20 iy traditional ASE] = B
: - W2 —e— I3

15 -

H : - 1
O -0 N PO T N T - N S T - A N A S A B R B

1 5 15 25 95 45

Fig. 9. The error rate of each corner landmark. The horizontal axis is the corner index in which
No.1~No.12 correspond to the eyebrow-related landmarks, No.13~No.27 correspond to the
eye-related landmarks, No.28~No0.36 correspond to nose-related landmarks, and No.37~No.50
correspond to mouth-related landmarks. The vertical axis indicates the error rate.

There are several improvements proposed in this paper. In order to verify their
effectiveness, several experiments are conducted by using different combination of
the proposed methods. M1 denotes using the first stage to locate the corner-type
landmarks with the Adaboost-based detectors and the traditional ASM to locate the
edge-type landmarks without initializing the nose shape, M2 denotes using the first



536 T.-C. Hsu et al.

stage 1 to locate the corner-type landmarks and the improved ASM to locate the edge-
type landmarks with initializing the nose shape, and M3 denotes using the first stage
to locate the corner-type landmarks and the improved ASM to locate the edge-type
landmarks by using both nose shape re-initialization and different landmark-related
search ranges. : :

Form Fig. 9 we can see the error of M1 in the nose part is larger than traditional
method. Because when we initialized the eye, eyebrow and mouth without initialized
the nose, sometimes it would undermine the overall facial structure. Therefore, it will
cause large errors. But in M2, because we using the eye corner and mouth to initialize
the nose position, the error rate in nose can be reduced.

Obviously, M3 performs much better than the traditional ASM. This reveals that
both the Adaboost-based corner-type landmark detectors and the variable rectangular
search ranges are very useful in detecting the corner-type landmarks of eyebrow, eye
and mouth, such as the 1th, 4th, 7th, 10th, 13th, 16th, 20th, 23th, 37th and 41th
landmarks in Fig. 9. When a human face has made an exaggerated facial expression,
due to the two-stage ASM design, most landmarks can still be detected correctly. By
using different search ranges for different landmarks can also improve the landmark
localization accuracy. Although none of nose-related landmarks belongs to the corner-
type landmark, they can still using the eye corner and mouth corner to improvement.
Fig. 10 shows the detected positions of 50 landmarks by using the traditional and the
proposed two-stage ASM methods, individually, the first row is the processed results
of the traditional ASM, and the second row is the processed results of the proposed
method M3. Obviously, the proposed method M3 gets much better results than the
traditional ASM.

Fig. 10. Some results on the Cohn Kanade database. The top row shows the detected landmarks
by the traditional ASM method and the bottom row shows the detected results by the proposed
ASM method.

5 Conclusion

In this paper, we have proposed a two-stage ASM method to improve the facial
landmark detection. The first stage uses an Adaboosting algorithm to locate 10
corner-type landmarks, which are attributed into three classes (i.e., eyebow, eye and
mouth) and each class has its own candidate selection method from the detected
candidates. The second stage is to detect the whole facial landmarks by using the
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locations of the detected corner-type landmarks in the first stage as the initial
positions of ASM, and different facial landmarks correspond to different search
ranges based on their variation extents. From the experimental results, it demonstrates
clearly that the proposed method outperforms the traditional ASM algorithm,
especially in corner-type landmarks. In the future work, we will try to design a 2D
feature model instead of the tradition 1D feature model for the edge-type landmarks.
Expectedly, it can further improve the accuracy of localizing facial landmarks.
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