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Abstract

In this paper, we present a robust method for the search of facial landmark positions in rigid and non-
rigid regions of the face. The landmark localization is a necessary basis for the development of an
automated training system for facial muscle dysfunction rehabilitation. We use 3D depth data captured
with the Kinect camera and combine surface curvature analysis and anatomical knowledge
constraints. Our approach has been successfully evaluated on a dataset with nine different facial
expressions and generalizes well to unknown faces.

1 Introduction

A stroke or the Parkinson’s disease may lead to facial muscle dysfunctions. The resulting problems
are manifold: eating and swallowing difficulties, impaired face appearance, and possible long-term
damages of the cornea because of weak eye closure. Regular facial training under supervision of a
speech-language therapist is an important part of rehabilitation. Required by the high practicing
frequency, patients need to conduct unsupervised facial exercises at home — accompanying to regular
therapy. However, incorrect execution of exercises can impede the training success or even lead to
further impairments [1]. Therefore, we aim at developing a therapy-accompanying technical assistance
system for the home environment to overcome this problem. In our scenario, the patient sits in front of
an intelligent assistive system equipped with a Kinect camera and performs facial exercises while the
system gives feedback on the computer screen (Figure 1, left image). More details about the
application scenario can be found in [2].

In cooperation with speech-language therapists, we selected nine exercises. Examples of these are
presented in the right image of Figure 1. The execution of the therapeutic exercises strongly influences
the surface of the face, e.g., with respect to convexity and concavity. These changes can be exploited
in order to recognize and evaluate the performed exercises. For an automated system, this task
includes several steps that are shown in the left image of Figure 1: the localization of the face position,
the localization of landmarks or regions with distinctive surface changes, and the extraction of facial
features from these regions.

In this paper, we focus on the localization of distinctive landmarks in 3D point clouds of the face. We
are able to retrieve landmark positions — invariant to the facial expression —even in non-rigid, dynamic
regions of the face by combining surface curvature analysis and anatomical knowledge constraints. In
the following section, we give an overview of related work and our contribution. After that our method
is introduced and validated by experiments.
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Figure 1 Left image: Overview of the assistive system currently developed. Right image: Examples for the
therapeutic facial exercises selected in cooperation with therapists.
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2 Related Work and Contribution

In literature, there are different approaches for landmark detection. Whereas some approaches are
based on color data (e.g., [3], [4], [5]) others use depth information (e.qg., [6], [7]). In our approach, we
also employ depth information because of the exercises large influence on the face surface and the
independence of lighting conditions. Many approaches for depth information make use of the
characteristic surface properties in rigid areas of the face, like the nose tip, the eye corners, and the
nose corners. The method presented in [6] is based on curvature analysis in combination with relief
curves in order to obtain the position of these landmarks. In [7], a graph matching approach is
employed for the localization of the inner eye corners and the nose tip. The approach from [8]
combines 3D range and 2D intensity data for the detection of eye, nose, and mouth landmarks.
However, they evaluate their method on a database of images with a limited number of facial
expressions (only neutral and smile).

The contribution of this paper is that we complement curvature analysis, which is a common method in
landmark localization, with anatomical knowledge. This enables the localization of landmarks in
regions with less distinctive and constant surface curvature, for example on the mandible of the face.
Furthermore, we obtain a consistent feedback system, because surface curvature can also be
successfully employed for the recognition of therapeutic exercises as it was shown in [9].

3 Method and Experiments

The selection of the positions that are localized in this paper was based on the landmarks and regions
that were used in [9]. The left image of Figure 2 shows their distribution in the face. In order to simplify
the basic idea of our approach, we focus on one facial half. Of course, the approach can be
transferred to the search for the remaining landmarks in the other half.

In the following subsections, we introduce our method and necessary preprocessing steps.
Furthermore, detailed information about the employed image database and the results of evaluation
are given.

3.1 Preprocessing and image database

The image database for our experiments was captured with the Kinect from Microsoft. Affordable
hardware is an important aspect in order to facilitate the integration of the system in the therapy
process. Additionally, the Kinect provides 2D color and 2.5D depth images. As a result, more
information about the scenery can be obtained, and the advantages of both data types can be
exploited. We transformed the 2.5D depth images to 3D point clouds in order to enable a simple
calculation of intra-facial distances ([10]), which is the fundament for the anatomical knowledge
constraints. Each facial point in a 3D point cloud is represented by (X, y, z)-coordinates in a metric
system.

Prior to the retrieval of the landmark positions, we use the framework from [11] on the 2D images for
robust face detection. Then — using the 3D information — mean and Gaussian curvatures are
computed for all pixels in the bounding box [12]. This curvature computation is done once at the
beginning of the procedure, and the results can be exploited in all following steps.

For the evaluation of the localization results, we employed a set of 696 images, which contain eleven
different subjects. The subjects perform nine exercises that were selected in cooperation with speech-
language therapists.In order to generate a reference for the evaluation of the automatically retrieved
landmark positions, in all images landmark positions were labeled manually as well.

3.2 Steps of the Landmark Localization

We use a cumulative and iterative method for the localization of landmarks. The word cumulative
implies that the approach starts with the search of landmark positions in rigid areas of the face and
then transfers the knowledge about their position to improve the results for landmarks in less
distinctive and more dynamic facial areas. The process, which is visualized in Figure 3, starts with the
localization of the nose tip. It has a distinctive elliptical convex curvature and, therefore, can robustly
be detected by using thresholds for the mean and the Gaussian curvature ([9], [12]). However,
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localization by thresholds is restricted to the nose tip because the other landmarks lie in areas with
higher surface variation. Furthermore, their curvature is less consistent between different subjects.
The remaining landmarks are now localized subsequently according to the numeration in Figure 2. In
each stage, the search space is constrained by using the minimum and maximum distance to the
previously localized landmarks (Figure 2, center image). This constraint reduces false positive
candidates. The distance values were determined on a small subset of 99 randomly selected images.
Their value varies depending on the subject, the selected landmarks, and the performed exercises. In
the next steps various features are extracted from the candidate pixels. These include: the Gaussian
and the mean curvature values of the 3x3 neighborhood, the absolute value of the distance to the
nose tip, and surface path profiles between the candidate pixels and the nose tip.

The surface path profiles contain the depth differences between ten equally spaced points on the
shortest connection of the two landmarks. In contrast to the previously mentioned distances between
the landmarks, which measure the Euclidean distances, the profiles run on the surface of the face.
Now, for each candidate pixel, a support Vector Machine (SVM) with a Radial Basis Function is
applied ([13]). All images of the person that is present in the test image are excluded from the training
set. The result of the classification is a set of few candidate pixels.

In the post-processing step, we calculate the mean position of these landmarks in order to obtain an
estimation for the landmark position. Now the process is iterated until all seven landmarks are
detected. For landmarks number 6 and 7, feature extraction and SVM classification is omitted because
curvature values in these regions are not distinctive enough and similar to a large neighborhood.
However, there is enough distance information because of the previously detected five or six
landmarks in order to constrain the search space to few pixels and calculate the mean position using
these pixels. For landmark 6, we additionally compute an edge image using a Sobel operator in order
to find areas with larger depth difference. These are located on the transition from the chin to the
throat.

Figure 2Left image: The facial landmarks numbered according to the order of localization. Center image:
Constrained region for the inner eye corner (landmark number 4). Right image: Candidate pixels for landmark
number 3 after the SVM classification.
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Figure 3 Procedure of the landmark localization. The variable m represents the number of detected landmarks.

3.3 Experiments and Discussion

In this section, we evaluate our method by comparison of the manually labeled positions with the
automatically localized positions. The mean and standard deviations are plotted in the right image of
Figure 3. A deviation of one pixel corresponds to about 1.5 millimeters. It can be seen that the
deviation for the landmarks 6 and 7 in the non-rigid regions of the face is higher than in rigid ones. The
high deviation in the chin region for the y-axis is also caused by the manual label positions, which
were not marked directly on the edge between chin and throat.
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Figure 4 Left image: Mean and standard deviations for the comparison of manually and automatically
localized landmarks. Right image: Examples for manual (square) and automated (star) localizations.

4 Conclusion and future work

In this paper, we have presented the robust localization of facial landmarks using surface curvature
analysis and anatomical knowledge constraints. Future work will focus on the integration of angular
relationships between the landmarks in order to complement the anatomical knowledge constraints.
Furthermore, color information can be added in order to improve the results.
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