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Abstract

An Open Source Extensible Automatic Landmarking System Using Dynamic Active Shape

Models (DASM). David Daniel Macurak, 2013. Thesis Paper, University of North Carolina

Wilmington.

This thesis proposes a modern implementation of an application designed to per-

form automatic landmarking based on Active Shape Models. The software is designed to

locate and precisely identify the features of an object, based on its known structure. In

this particular study, the process of extracting features from frontal facial images is ex-

plored. The goal of which is to achieve accurate landmarks which can be applied to further

processing techniques such as facial, expression, or gender recognition, etc. All of these

techniques are reliant upon accurate annotations of features in order to produce meaning-

ful results. Manually locating these landmarks can be a tedious and slow process, which

is why automatic techniques such as the one discussed in this paper have been developed.

Based on a comparison of similar automatic techniques, the open source implementation

published in this work shows promising results, with many facets for future improvements.
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Chapter 1: Introduction

This thesis introduces an open source project involving the implementation of an au-

tomatic landmarking tool. The tool, entitled Dynamic Active Shape Models, or DASM, is

a C++ implementation of Cootes et al. [14] Active Shape Model (ASM) framework. More

specifically, the proposed project is based on an extension to ASM by Stephen Milborrow

[35] entitled Stacked Active Shape Models (STASM). The problem that the tool seeks to

solve is a means of accurately identifying the positions of a set of landmarks which identify

key features of a human face. However, the modularity of the software design enables ex-

tensions to other types of modalities. Such extensions have been described extensively in

literature. This work investigates the effectiveness of automatic landmarking on 2D images

of frontal facing neutral expression faces, more generally termed “mugshots”. Example

images are provided in Figure 1.1. A similar open source project proposed by Mikkel

Stegmann uses Active Appearance Models (AAM) to interpret various types of medical

imagery, and can be found here [51].

Figure 1.1: Sample images from the MORPH dataset

1.1 Overview

The following sections provide a survey on shapes and landmarks, automatic land-

marking, and the difficulties associated with automated techniques. Following that is an
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introduction to statistical shape modeling and an outline of the goals of this work.

1.2 Shapes and Landmarks

We must first begin by giving a good definition of the term shape, as it is the basis on

which this work is grounded. In itself, shape is a very general term for describing what an

object looks like, based soley on its geometric features. In the terms of this project, a more

suitable definition can be adapted from D.G. Kendall [44]: “Shape is all the geometrical

information that remains when location, scale and rotational effects are filtered out from

an object.” Essentially, the author is stating that the shape of an object remains constant

regardless of any linear transformation that it may undergo. This is illustrated in Figure

1.2.

Figure 1.2: The arrows retain the same shape regardless of rotation, translation, or size

The capacity to describe and interpret the shape of an object provides us with a

means of recognizing the identity of an object. There is an immediate appeal to seek to mir-

ror this instinctive ability of humans to computer vision. To accomplish this, researchers

have developed a means of algorithmically interpreting shape through a collection of land-

marks. From [44], “a landmark is a point of correspondence on each object that matches

between and within populations.” The authors [44] further define three basic types of land-

marks: anatomical, mathematical, and pseudo. Anatomical landmarks identify physical

traits or characteristics that exist between every sample in a population. In the context of

human faces, anatomical landmarks define features such as the lips, eyes, nose, etc. In

greater detail, they can be anthropometric features such as the alare of the nose or endo-

canthion and exocanthion of the eye. Mathematical landmarks define specific areas of a
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sample which have some geometrical significance. These are typically features which can

be visually identified with ease by an abrupt shift in pixel intensity, also known as a gradi-

ent change. The skin creases in the crows feet or along the forehead as well as the outline

of the jaw are good examples of regions of the face that cause significant changes in gra-

dient. Finally, pseudo landmarks represent constructed points that help further define the

structure of the object. From Figure 1.3 the following points/landmarks illustrate the three

landmark types:

1. Anatomical: nose tip and eye centers, points 112, 180, 153

2. Mathematical: corners of the eyes and lips, points 170, 175, 206, 216

3. Pseudo: points between anatomical landmarks 200, 199, 198, 197

Figure 1.3: Face with landmarks
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In some instances, landmark types may change as a result of age. For example,

nasal labial creases exist on many faces, but not all, i.e. younger faces. These creases

represent mathematical landmarks on faces where they exist, and pseudo on faces where

they don’t exist.

We now have a universal means of describing the shape of a two-dimensional ob-

ject through a collection of landmarks. As the nature of this work primarily relates to

applications based on facial analytics, the objects being described will reflect human faces.

Landmarks are visually represented by annotation points on an object, as shown in Figure

1.3. It is not uncommon for landmarks to also be referred to as anchor points, fiducial

markers, or key points.

The edges between annotations are used to help identify connecting feature parts,

but have no further statistical significance. Parts provide a convenient means of grouping

a set of landmarks. A facial feature, such as the nose, mouth, or eye can be defined by

a single part or collection of parts, as illustrated in Figure 1.4. The component scheme

adopted in this work, for instance, contains thirty-seven unique parts. This information is

used to boost the performance of the landmark search process, as will be discussed later.

Ultimately, landmarks provide an efficient means of characterizing a face in a reduced

dimensionality space based upon the interrelations of the landmarks, such as the distances

between them. Effectively, we are using a collection of landmarks to model the unique

shape of individuals’ faces. This enables applications to make recognition decisions such

as verification or identification based solely on landmark comparisons [48],[49]. For these

types of applications, it is critical to have precise locations of the landmarks to ensure

correct classifications.

1.3 Automatic Landmarking

Accurate registration of feature points on faces in digital images is a critical practice

which precedes many face-based automatic systems, e.g. face recognition, facial analyt-

ics, or anthropometric analysis. Typically, this is a manual process performed by either a

trained individual or team with expert domain knowledge. Landmarks which have been

4



Figure 1.4: Various parts of the face

hand labeled by experts are considered ground truth data. It is not uncommon for ground

truth landmarks to be included with facial datasets for the purposes of research and testing.

Unfortunately, this data is often limited to a very few number of key point landmarks such

as the eye centers, tip of the nose, or corners of the mouth. This is often sufficient in-

formation for applications such as face tracking, which only require the presence of easily

identifiable facial features within a video frame capture. However, this work focuses on au-

tomatic registration of extremely dense landmark schemes, for instance over two hundred

landmarks.

Dense landmark schemes are particularly appealing for applications involving face-

based biometrics, such as age estimation, race and gender classification, expression and

micro gesture recognition, etc. These tasks often require meticulous knowledge of the fa-

cial features in order to make accurate classifications. Intuitively, the greater the number of

landmarks, the more detailed knowledge we have of the subject. Applications based on sta-

tistical modeling techniques often require hundreds or thousands of images to be manually

annotated before they can utilize the feature information. This is often a very tedious and

time-consuming process, especially when considering a dense landmark scheme. When

compiling ground truth data, it is imperative that landmarks are labeled exactly to the spec-

ifications of the scheme across the entire training set. Failure to maintain consistency of

landmarks results in inaccuracies and mis-classifications when applied to further process-

ing as shown in [46]. Due to the immense time consumption of manually labeling very

dense landmark schemes, it is obvious to seek out a method of automating the process.
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1.4 Difficulties

Automatic landmarking of dense schemes is not a trivial task however, as even the

best performing algorithms cannot compete with the accuracy of hand labeled landmarks

[46]. Performance of landmarking algorithms degrades as a result of unconstrained “in the

wild” images where pose, illumination, and expression are uncontrolled. Further degrada-

tion can come about as a result of image artifacts from low-quality or scanned images, or

occlusions such as facial hair or eye-glasses. Each of these issues inhibits the algorithms

ability to extract meaningful information from the image. Examples of poor quality image

samples are shown in Figure 1.5. As many applications use unconstrained images gathered

from Internet sources such as Facebook or Google’s Picassa, it is critical to develop an

automatic landmarking tool which not only produces the most accurate landmarks, but is

robust to these complications.

Figure 1.5: Poor image conditions due to off-angle pose, poor illumination, expression, and occlu-
sions

1.5 Measuring performance

Sethuram et al. [47] define a number of protocols for measuring the performance
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of landmarking algorithms. The study demonstrates the performance of three well-known

landmarking techniques: CLM, STASM, and AAM, evaluated over a testing set with a

dense landmarking scheme. I make use of the same baseline performance metrics to illus-

trate the performance of the tool developed in this work to the aforementioned algorithms.

This work also considers computational complexity as a factor of performance. This infor-

mation will be discussed in the Results chapter.

1.6 Statistical Shape Modeling

Statistical shape modeling techniques have played a key role in many computer vi-

sion and image processing applications. We can make use of such algorithms for interpret-

ing geometric shape information of anatomical structures. Such techniques have commonly

been applied to biomedical imagery, where internal organs can be automatically registered

based solely on their shape. A study by Eviatar [17] introduced an approach to model fea-

tures of the brain from magnetic resonance images using a type of statistical shape model:

Active Contours. In the terms of the problem being addressed in this work, statistical mod-

eling is utilized to interpret the geometric features of the face. We can define the shape of

each feature of the face by a set of landmarks, which can then be automatically located and

labeled by a model search. A shape model is typically constructed by analyzing and learn-

ing from a set of ground truth data. The more training data learned by a model, the greater

the variation in shape of the object the model is able to interpret. As faces tend to vary

according to age, gender, race, etc., increasing the amount of samples and incorporating a

variety of demographic groups to training data provides a means of accurately capturing all

of the typical geometric shape deformations related to the general anatomy of the face.

We identify shape models which are capable of locating features regardless of ge-

ometric shape variations as deformable or flexible models. Another well-known type of

statistical shape model is a rigid model. Contrary to deformable models, rigid models seek

to identify how well an object’s features match to the model, whereas deformable models

actively seek to conform to the shape of the object. A rigid model could, for example,

be used to analyze objects passing along a factory production line. In this scenario, each
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widget must retain the exact shape characteristics of the model, else it will be discarded.

Further examples of rigid modeling techniques are in [9, 21]. For the reasons stated above,

rigid models would not serve to solve the problem of automatically identifying facial fea-

ture landmarks.

The inspiration for this project was derived from the work proposed by Milborrow

[35] called Stacked Active Shape Models. STASM is a well known and highly regarded

software application specifically focused on automatically locating landmarks on human

faces. The purpose of the tool proposed in this work, DASM, is to improve upon the soft-

ware design of STASM through the inclusion of modern software engineering paradigms.

Simultaneously, DASM seeks to maintain and in some cases improve upon the level of

computational performance and accuracy of automatic landmarking. Both tools implement

a well known and proven statistical shape modeling algorithm called Active Shape Models,

originally proposed by Cootes et al. in [14]. The ASM algorithm defines a means of au-

tomatically ’fitting’ landmarks to specific object features by performing an image search

from a learned model. STASM and ASMs will be described in greater detail in the follow-

ing chapter.

1.7 Locating Facial Features

DASM, like its predecessor, is designed with the primary notion of modeling and

automatically landmarking features on human faces. Facial analytics is a rapidly growing

domain of study in computer science as a result of its integration into the security and in-

telligence communities. Many biometric and soft biometric research studies explore the

use of faces to ascertain useful information based on an individual; such as identity, age,

gender, etc. Face recognition is an example of a well studied area of biometrics which

has been applied to applications ranging from terrorist watch lists to commercial advertis-

ing. Tools such as STASM and DASM assist these applications by automatically locating

landmarks of facial features. Once the facial features have been located, they can then

be extracted and processed by other algorithms. Final conclusions can be drawn from the

resulting classifications on the extracted features.
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I have chosen DASM to be an open source project for the reason that the potential

uses for a tool such as this reach far beyond the designs proposed in this work. As an

open source tool, researchers in the community have the ability to collaborate and adapt

the project to meet their own needs. For this reason, I have attempted to develop the tool to

be as extensible and user-friendly to the best of my knowledge and skills. Furthermore, I

feel that the tool only has the potential to benefit from continued support of the open source

and research communities.

Ultimately, the goal of this work is to:

1. Create open source application which implements Active Shape Models and extends

the work of STASM

2. Provide an object-oriented structure for managing modular extensions to the code

3. Incorporate parallelization to better suit the availability of multi-core processing

4. Utilize well supported open-source libraries to support computing tasks and platform

independence

5. Evaluate the performance of the tool against competitive algorithms

6. Draw conclusions based on my findings

In the remainder of the paper, I will give an overview of the modeling techniques

which lead up to Active Shape Models, describe some of the enhancements to ASM con-

tributed by other researchers, step through the ASM methodology, define metrics for evalu-

ation of similar algorithms, review the contributions of this work, display the results of my

experiments, and state my conclusions.
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Chapter 2: Background

This section provides some basic background information on image registration

methods which gave rise to Active Shape Models. A more robust survey is provided in [5].

Next, I introduce ASMs and describe the original implementation in detail. Following that,

I give a brief discussion of Active Appearance Models (AAM) and how they are related to

ASMs. Finally, I discuss the extensions to ASMs provided by Stephen Milborrow’s work

in [35].

2.1 History

Computer vision tasks such as edge or corner detection, template matching, object

recognition, and segmentation have a rich history of research and application. Methods of

automatically locating features fall under the broad category of image segmentation. In par-

ticular, model-based vision algorithms, like ASMs, have shown to be excellent approaches

to recognizing and locating known objects within an image.

There are a host of methods which have provided the foundation for Active Shape

Models, the foremost being template matching algorithms. Template matching is a tech-

nique in digital image processing for finding small parts of an image which match a rigid

exemplar [6]. For example, a very simple straightforward method of template matching is

correlation filtering a mask or template that we wish to detect, across an entire image in the

hopes of locating a specific feature. A major drawback of this type of template matching is

that any changes in image scale or rotation, or variations to the original template features,

decreases the chances of acquiring a match.

In an attempt to address the shortcomings of standard templates, researchers devel-

oped template models capable of deforming to the features of an object. Active Contour

Models (ACM) was one of the earliest and most popular forms of deformable template

modeling. Introduced by Kass et al. in [27], Active Contours or “snakes” represent energy-

minimizing flexible splines which attach to the contours of an object. They are active in

the sense that they continually deform and slither until they come to rest in a final position,

hence the name snakes. The total energy of the system in conjunction with external con-

10



straint guides the snake to the nearest feature. The features are defined as the edges within

boundaries surrounding an object. In this way, each snake attempts to minimize its energy

function, with its final resting place representing a local minimum. They require some hu-

man intervention in terms of assigning the snake a starting location from which to begin

its search. Furthermore, constraints must be placed on the internal energy of the spline to

ensure that the snake does not take on an unnatural shape. An example would be putting

a penalty on the snake taking on too much curvature. For instance, imagine the contour

smoothness parameters have been set to search for rectangular objects and the snake has

latched onto a picture of a box in an image. The smoothness parameters must enforce that

as the snake conforms to the boundaries of the box, it latches to the contours in a rigid,

non-curving fashion.

Advancement to ACMs came about as a result of some common problems which

the original implementation was subjected. The method often displays slow convergence

speeds and instability in noisy environments. Another pitfall lies in the potential for multi-

ple local minima for which the snake can come to rest. Without some detailed knowledge

of the organization of the structure, the system cannot solve the problem of accurately con-

forming to all feature contours without user interaction. Kass provides an example of a

slice of wood in which multiple line-contours resolve to different local minima producing

differing results within the same set of wood grains. Nevertheless, snakes have shown to be

extremely useful in a number of applications, especially in medical imagery, feature track-

ing [24], object recognition [56], and stereo matching [32]. Snakes have also been used in

earlier face recognition work by Ricanek [42].

Parametric B-splines, or B-snakes, and subsequent enhancements [4, 18], solved

many of the original snake design flaws. Other researchers have described deformable

modeling techniques using Finite Element Method [26]. Similar to snakes, FEM is based

on an energy minimization problem. The algorithm overcomes many of the shortcomings

of Euler-Lagrange Theory, on which the method is based. The method suffers from the

same issues as snakes, in that there is no automatic way of determining the initial positions
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of the nodes without direct user involvement. Furthermore, the internal and external forces

which guide the splines are unique to the problem at hand, and must be hand-crafted for

each application. Terzopoulos and Metaxas [54] propose a method of dynamic 3D mod-

eling which incorporates the flexibility of spline models with the constraining effects of

parameterized models in the form of a physical model. The local and global deformations

of their ”superquadrics” are based on the geometry, physical dynamics, and elasticity of a

specific model. Unfortunately, their method is limited to modeling closed shapes and also

requires a deep understanding of physical motion and mechanics. Furthermore, the user

must provide initial estimates of the translation, rotation, and global and local constraints

to the model.

It is evident from the techniques discussed so far that there is a common issue shared

by each method. Each requires human interaction to determine the initial estimates of

position and correct interpretation of the structure of the objects they seek to model. As best

stated by Timothy Cootes [10], “The problem with existing methods is that they sacrifice

model specificity in order to accommodate variability, thereby compromising robustness

during image interpretation.” Essentially, the models are not specific to any one object,

meaning that they are capable of deforming in ways outside of the class of objects they are

attempting to describe. In [13], Cootes and Taylor give a more thorough explanation for

why they felt there was a need for a better modeling technique.

2.2 Active Shape Models

As a result, Cootes composed a body of research dedicated to Active Shape Models.

Milborrow refers to this vast collection of literature as the classical ASM, spread across

[14, 13, 15, 10, 28, 29]. ASMs intoduced a method of building object-specific models

which have the power to capture the natural variability of the class of objects they define.

The models are taught all of the possible deviations in shape through a collection of training

samples. Once this is established, the model is capable of constraining the potential shape

based on the learned material, rather than some user-defined global or local constrains as

in ACMs. This is what separates ASMs from other methods and makes it such a powerful
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modeling technique.

Active Shape Models are capable of interpreting any type of object given a few

constraints. First, a model can define only one class of object. Secondly, the choice of

object to be modeled cannot have an amorphous or completely unpredictable shape. The

construction of the object can vary such that it remains the same general shape. However,

the structure cannot vary so much that it takes on a different shape. Intuitively, we can

derive that the effectiveness of the model search process is directly correlated to how well

the examples in question match to the model.

As this work is concerned with both the ASM algorithm as well as extensions to

the original implementation of Active Shape Models, an overview of the methodology is

provided. A more comprehensive survey is provided by Milborrow in his master’s thesis,

available in [34]. The actual implementation of the techniques to be covered will be detailed

in the Methodology chapter.

2.2.1 Modeling Faces

As mentioned earlier, a model requires a set of training samples from which to learn

all of the typical shape variations of a specific class of objects (in our case, faces). Faces

are capable of being modeled due to their simple structure. However, due to their highly

variable construction, they exhibit a high degree of variation across each facial feature.

Case in point, no two individuals’ faces are exactly the same; even amongst identical twins

[39, 40]. The shape of the face varies across individuals as a result of the gender, age, race,

presence of facial hair, piercings, etc., unique to each person. Altogether, these personal

characteristics incorporate an inimitable influence on the shape of the face. Yet, the general

shape of a face is consistent across the population. Excepting some rare cases, all faces

share the same anatomical properties; two eyes, two ears, a nose, a mouth, etc., which

define the human face.

2.2.2 Overview

The first step involves acquiring a set of training data, from which each of the

images must be manually labeled to obtain ground truth data. The models described require
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Figure 2.6: A screenshot of the landmark tool used in this work [1]

a user to be able to annotate the points on each of a set of training images in such a way

that each point represents a distinguishable feature present on every example [10]. This

statement puts forth two assertions: first, the features being defined must be present on

every sample in the training set, and second, points must correspond across each shape.

Basically, if point 1 defines the tip of the nose, that particular point must be consistent for

every other sample.

Determining what features to label and how many landmarks to use is often depen-

dent on the application. In [13], Cootes suggests labeling the features of the object which

have the most discriminative information in regards to the application. He describes la-

beling points which define areas of high curvature, equally spaced along boundaries, and

application-dependent points such as the eye centers. Milborrow [35] found that the inclu-

sion of more landmarks to a system resulted in higher recognition performance. Logically,

complex shapes with a significant degree of variation can be better defined by a greater

amount of landmarks. Obtaining accurate ground truth data is a very important step, as the
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model is only as accurate as the information on which it was trained. A more comprehen-

sive description of labeling shapes is available through Stegmann [50].

2.2.3 Shapes and Alignment

Active Shape Models are characterized by the use of two sub-models: the shape

model and profile model. The shape model, also referred to as the Point Distribution Model

(PDM), is a composition of all of the shapes extracted from the ground truth data and

aligned to some average shape. As mentioned before, a shape is quantitatively represented

in terms of a set of landmarks which are defined by some points scheme. Each landmark is

expressed by (x, y) coordinates in the two-dimensional space of an image. It is convenient

to represent a shape x in terms of a vector of 2D points:

x = [(x1, y1), (x2, y2), . . . , (xn, yn)]
T (2.1)

The process of aligning shapes is accomplished through a procedure called Generalized

Procrustes Analysis (GPA) [52]. The algorithm involves the following iterative steps:

1. Translate each sample so that its center of gravity is at the image origin.

2. Assign an initial reference shape at random from the training set to be the mean

shape.

3. Align all shape instances to the reference shape.

4. Compute a new mean shape from the aligned shapes.

5. Compute the Procrustes distance from the aligned shapes.

6. If the distance is less than some threshold, quit. Else, set the reference shape to the

mean shape and return to step 3.

Appendix C from [16] provides the original ASM solutions to the problem of finding the

optimal parameters to align shapes. Translation to the origin is accomplished by first find-

ing the center of gravity of each of the samples:
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The Procrustes distance between two shapes is the Euclidean between corresponding points:

D =
p

(x� y)2 (2.3)

where x and y are two shape vectors. With GPA, the approach is more concerned with the

sum of the distances of all the training shapes to the reference shape. Mathematically, this

can be shown as:

P 2
d =

nX

i=1

(xi � x̄)2 (2.4)

where P 2
d is the squared distance, given n training samples. The square root of this value

gives the total Procrustes distance of the system. The approach to the alignment pro-

cess is to transform each shape by applying translation, rotation, and scaling parameters

(a, b, tx, ty) to minimize the distance to the reference shape. Together, these three opera-

tions are characterized as a similarity transformation and their parameters can be computed

by a simple linear equation1. The similarity transformation T proposed by Cootes from

equation C.3, ensures that integrity of the actual shape has not been altered:
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After each shape has been aligned to the reference shape, a new mean shape is calculated

by extracting the mean point positions of the aligned shapes. The system is considered con-

verged when some minimum distance threshold has been reached. The threshold value is

often dependent on the scale of the shapes. If not converged, the new mean shape becomes

the reference shape and the process is repeated. Figure 2.7 illustrates the results of aligning

shapes during the training phase.
1Affine transformations such as shearing are not used because they corrupt the structure of the shape.
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Figure 2.7: Left: the point cloud translated to the origin, Center: the computed mean shape in blue,
Right: the post shape alignment from 1000 images

2.2.4 Modeling Shape Variation

Now that the shapes have been aligned to a common coordinate frame, the next step

involves modeling the distributions of the shapes within the point cloud. Describing all of

the variation present in the point distribution makes it possible to generate new examples,

similar to those in the original training set. Chapter 4 of [16] describes the following

procedures in greater detail. By enforcing constraints on certain model parameters, we

can ensure that the newly generated samples are plausible shapes. Algorithmically, this

is approached by seeking a parameterized model of the form x = M(b), where b is a

vector of parameters of the model, and x is a generated instance from the model. Once the

parameters of b have been found, it is possible to vary them so that the generated shapes

are similar to model shapes.

An effective means of characterizing the distribution of shape variation is by per-

forming a Principal Components Analysis (PCA) [37] on the data. The PCA is computed

across the main axis of the point cloud, such that each shape of n points represents a single

data point in the 2n dimensional space. The result is a set of a principal components which

are ranked based on the amount of variance discovered in the data. The variance itself is

represented by the eigenvectors � of a covariance matrix S. Each eigenvector �i is asso-

ciated with an eigenvalue �i; sorted in such a way that the greatest eigenvalue reflects the

first principal component, and so on. The value of the eigenvalue �i is equal to the variance
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along the axis corresponding to the ith eigenvalue. It is safe to assume that small-scale vari-

ation in the data, represented by the smallest eigenvalues, is noise which can be discarded.

Hence, it is possible to model the main modes of variation with less than the 2n dimensions

of the original data. The approach from [16] is as follows:

1. Compute the average shape from the aligned data,

x̄ =
1

nshapes

nshapesX

i=1

xi (2.6)

2. Compute the covariance of the data,

S =
1

nshapes � 1

nshapesX

i=1

(xi � x̄)(xi � x̄)T (2.7)

3. Finally, compute the eigenvectors and eigenvalues of S.

It is now possible to approximate any shape, x from the training set by varying the param-

eters of b,

x ⇡ x̄+�b (2.8)

In order to ensure a plausible shape, it is suggested to apply limits of ±3
p
�i to the b vector.

We can limit the number of eigenvectors to retain, such that the model represents some

proportion of the total variance described by the data. Because the points have been aligned

through multiple iterations of similarity transformations, the data is highly correlated. This

means that a small percentage of the top principal components is able to describe a high

percentage of the total variance in the model. The remaining components are assumed to

be residual noise. Alternatively, if the data is highly uncorrelated, a greater percentage of

principal components would be needed to satisfy the majority of variation in the system. It

is possible to calculate the number of modes t which are characterized by some percentage

p of the data by,
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i �i

1 1324.4387
2 1088.9042
3 531.57056
4 483.98535
5 459.80508
6 358.1214
7 299.00217
8 267.72964
9 238.89328
10 185.86554
11 167.22571
12 145.95769
13 126.96124
14 111.66627
15 105.29704
16 102.14168
. . .

Table 2.1: Ranked eigenvalues

t =
p

100

2nX

i=1

�i (2.9)

For example, performing a PCA on a training set of 1150 aligned shapes containing 252

points produced the following ordered eigenvalues (truncated to save space) in table 2.1.

From the table, it is clear to see that the variance related to the eigenvalues drops off sig-

nificantly after the first few entries. In this case the sum of the eigenvalues (including those

not shown) is 8298.75. Using equation 2.9, if we want to keep 98% of the information, we

would only need to retain 136 of the total 504 entries.

2.2.5 Conforming to the Model

Alternatively, it is possible to conform a new shape instance x to the shape model

using the same calculations above. Given a model mean shape x̄ and a new shape instance

x, solve for the b parameters and the pose parameters T which minimize the sum of square

error distances between corresponding model and image points.

|x� T (x̄+�b)|2 (2.10)
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Figure 2.8: One-dimensional profiles of length 9 pixels surrounding each landmark

The iterative approach to this solution is given by Cootes and Taylor in section 4.8 of [16].

This method ensures that any suggested point movements computed by the profile model

during the image search process, still produce a plausible shape by applying constraints to

the values of the b parameters.

2.2.6 Modeling Gray-level Texture

At this point we have covered how to ensure generated shapes are similar to the

model, but not how to search an image for the features which match to the model. This

portion of the ASM is given by the profile model. As opposed to the shape model, the

profile model is concerned with direct pixel information extracted from an image, local to

each landmark. A profile model is formed by a collection of one-dimensional vectors, one

for each landmark in the system. Milborrow [35] refers to each profile vector as a whisker.

A whisker is created by passing a raster line through the landmark, perpendicular to the

boundary formed by the landmark’s two direct neighbors. The (x, y) coordinates of each

landmark represent the center position of the profile, as illustrated in Figure 2.8.

As the section heading suggests, the profile model is only concerned with gray-

level intensity values; color information is reduced to gray-level prior to processing. The
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reason being that, gray-level texture is more resistant to changes in illumination, as well

as being more robust to various skin textures related to an individual’s race or ethnicity.

The goal of the profile model is to gain an understanding of the texture surrounding each

landmark. Earlier, I described that landmarks should be situated on feature edges or areas

of high curvature. The reason for identifying these specific features is that they are areas

which highlight a large change in pixel intensity, in so much that we can describe them

by a gradient. During the image search process, the landmarks use this information in the

form of a gradient descent search to identify where they should move. When the landmark

identifies a search profile which provides the best match to what it learnt from the profile

model, it is considered to have converged on the correct feature. Unfortunately, this is not

always the case; it is not uncommon for landmarks to latch onto false features, thereby

causing the system to converge to a false landmark position. During the training phase, the

profile model is generated through the following steps:

1. Determine the length and angle of the profile as it relates to each landmark.

2. For each sample in the training set, populate each landmark’s profile vector with the

extracted pixel intensities along the whisker, ranging from 0-255.

3. Replace each element of the profile with its intensity gradient, computed by taking

the difference of the current and prior element.

4. Normalize each vector by dividing each of its element by the sum of the absolute

values of the vector.

Using the normalized derivative instead of the actual gray level profile provides

uniform scaling and reduces the effects of changes in illumination across images. The

result is a collection of n vectors (one for each landmark) containing normalized gradients.

The profile model is finalized by computing the mean profiles ḡ and covariance matrices

Sg for each landmark. Assuming that the landmarks correspond across the entire training
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Figure 2.9: Gaussian distribution of the 1-dimensional mean profile for landmark 1 of the 252-point
scheme

set, they should capture similar gradient information, such that the mean profiles form a

multivariate normal distribution, as shown in Figure 2.9.

Therefore, it is theoretically possible to describe each landmark by its mean and

covariance matrix. If there are n landmarks per shape with a profile length of 9, as in

Figure 2.8, there will be n mean profiles ḡ having 9 elements. Associated with each ḡ is a

covariance matrix, Sg of size 9⇥9. The following mathematical formulation for processing

profiles is drawn from Hamarneh [22]:

The gray level profile of the landmark i is a vector ng elements,

gi = [gi0, gi1, . . . , ging�1]
T (2.11)

The derivative gradient profile is given by

dgi = [gi1 � gi0, gi2 � gi1, . . . , ging�1 � ging�2] (2.12)

and its normalized form,

yi =
dgiPng�2

j=0 |dgij|
(2.13)

The mean normalized gradient profile for landmark i is calculated by summing across every
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sample j in the training set N ,

ḡi =
1

N

NX

j=1

yij (2.14)

Finally, the covariance matrix2 of each landmark is given by

Sg =
1

N

NX

j=1

(yij � ḡi)(yij � ḡi)
T (2.15)

During the image search phase, each landmark forms multiple search profiles by

sampling along each element of its whisker. Each search profile gs undergoes the gradient

and normalization calculations from above, and is compared to the mean profile for that

particular landmark. The displacement along the whisker with the profile which is most

similar to the mean profile becomes the new suggested location for the landmark. The

measurement of similarity is calculated using the Mahalanobis distance of the sampled

normalized gradient profile gs to the corresponding landmark’s mean normalized gradient

profile ḡ,

DM = (gs � ḡ)TS�1
g (gs � ḡ) (2.16)

After every profile has been searched and the suggested movements of each landmark

recorded, a new shape dx is created based on the suggested points. It is often the case

that suggested points will produce a shape that is not coherent to the model, so, we use

equation 2.10 to conform dx to the model to produce an allowable shape. However, it is

possible that there is little or no suggested movement. Such is the case when the current

profile provides the best match to the mean profile. This point is said to have converged.

This process is repeated until some percentage of the landmarks have met convergence,

or for some maximum number of iterations. Hamarneh [22] suggests controlling the sug-

gested movements of the landmarks by changing small suggested movement to no move-

ment, and large suggested movements to only half of what is suggested. This would ensure
2The covariance matrix is necessary for the Mahalanobis distance calculation.
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that points converge quicker when they are nearer to their desired feature. However, if the

initial search shape is nowhere near the actual shape in the image, it would take a greater

number of iterations before the landmark converges3.

2.2.7 Multi-Resolution Image Search

To improve upon the image search process, ASMs use a multi-resolution search

pyramid. On the model training side, each image is re-sampled to a number of lower

resolutions. Typically, subsequent levels contain half the dimensions of the prior level

as illustrated in Figure 2.10, until the final level of the pyramid is reached. The ground

truth points associated with each image are scaled equivalently, allowing each level of the

pyramid to have a unique profile model associated with each image resolution. Effectively,

if each profile has a static length of 9 pixels, the ratio of the amount of information extracted

by each profile in comparison to the image size, grows with each step of the pyramid. For

example, a multi-resolution pyramid containing four levels could describe the following

image resolutions at each level:

1. 320x400 (original resolution)

2. 160x200

3. 80x100

4. 40x50

At the first level of they pyramid, each profile would explain only .007% of the image.

At the 4th level of the pyramid, the image resolution would be 40x50, meaning the same

profile would account for .45% of the same image.

The reason for this approach is that the initial placement of the shape on a search

image may not be close to its actual target. Performing a profile search at lower resolu-

tion levels allows the points to travel greater distances with each iteration. Meanwhile,

searching at the highest resolutions allows for fine tuning of the landmarks once the target
3This was not tested in this work.
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Figure 2.10: Image resolution pyramid: each level is downsampled by half of the previous

structure has been located. Therefore, the image search begins at the highest pyramid level

(lowest resolution) and continues until convergence has been declared, before moving on

to the next level. This process is repeated until all levels have been searched. Figure 2.11

illustrates the mean profiles across three pyramid levels of a single landmark extracted from

the boundary of a face. The distributions are very similar, but are not entirely the same.

2.3 Active Appearance Models

Active Shape Models are limited to interpreting the shape of an object. They do

not account for the texture (beyond that of the local profiles) of the object. Cootes and his

colleagues expanded on ASMs by introducing Active Appearance Models [12], which pro-

vided a way of combining shape and texture to model the appearance of an object. AAMs

require accurate locations of landmarks to define where and how the texture information

should be extracted from the image for processing. Unlike ASMs, AAMs are able to gener-

ate new interpretations of model examples such that structure and texture can be reproduced

visually. AAMs have been used in a number of applications related to facial biometrics and

analysis. In [38], they were used to synthesize new instances of faces of individuals across

a range of age. This has an interesting value to security applications attempting to identify
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Figure 2.11: Normalized mean gradient profiles for landmark 1 across 3 pyramid levels

persons-of-interest with no current photographs. AAMs have also been used in applica-

tions related to face age estimation and gender and race classification [7, 57]. Sethuram

shows in [46] that the accuracy of landmarks directly impacts the accuracy of classification

techniques which utilize AAMs. A second study evaluated the performance of three land-

marking techniques: STASM, CLM, and AAMs by the amount of error associated with the

automatically generated landmarks of each method against the same testing set which had

been manually labeled (ground truthed) [47]. The AAM approach produced notably more

error per landmark than the latter methods, results recreated in Figure 2.12. This confirms

the report by Cootes et al. [11], where they found that the landmarks generated by ASMs

were better on a whole than AAMs. A potential use of this particular work could be to

supplement AAMs with more reliable landmarks.

2.4 Stacked Active Shape Models

Over the past decade, many enhancements to the original ASM algorithm have been

contributed by researchers within the community. As mentioned before, this work is based

on the contributions of Stephen Milborrow [35], specifically his automatic landmarking

tool STASM. STASM is a free-to-download software application that has been used ex-

tensively for detecting and locating landmarks on images containing faces. While not a

true open source project, full source code is available on his website (http://www.
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Figure 2.12: Comparison of the average error per landmark generated by three techniques: AAM,
CLM, and STASM on the 252-point scheme

milbo.users.sonic.net/stasm/), which can be reworked to meet any specific

need. STASM provides many enhancements to the original ASM algorithm, which I will

briefly describe here.

Foremost, STASM incorporates a means of stacking two models in succession dur-

ing image search to improve upon the final accuracy of the points (hence the title of the

project). The idea is that, the initial model search provides a good estimate of where the

landmarks should be located, and the second model search refines the points to a more

precise location. STASM’s second major contribution was the development of the two-

dimensional profile. Instead of the standard 1D vector used to describe the gradient changes

of a line passing through each landmark, a 2D square profile has a greater ability to de-

scribe the region surrounding each landmark. The result is an increased likelihood that the

suggested movements of landmarks actually move in the direction of the object features,

which results in more accurate landmarks. Milborrow found that by extending the set of
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landmarks, in other words incorporating additional pseudo landmarks to the scheme to bet-

ter describe the features, the overall accuracy of the landmarks increased. The last major

contribution was trimming the covariance matrices of the profile models. Trimming refers

to creating a sparse matrix from the covariance matrix by setting values which had little

or no effect on the outcome of the distance calculation from equation 2.16 to zero. As a

result, he found a noticeable decrease in computation time without any negative impact on

the landmark fittings. Of the contributions listed, all were implemented in this work apart

from trimming the covariance matrix, which will hopefully be included soon!

Unfortunately, STASM has its own drawbacks. On one hand, it proved the concept

that ASMs could be used to automatically identify landmarks on faces in images. However,

it was not designed to be flexible or extensible to other classes of objects. The program

itself was written primarily in C and had many dependencies on libraries which are mostly

outdated at this time or are tied to the Linux platform. The majority of the data structures

are modified extensions of the Gnu Scientific Library (GSL), which in itself is difficult to

port to Microsoft Windows or build in 64-bit mode. The body of the code is immense in

size and takes a great deal of time and patience to trace through in order to get a good

grasp of what it is doing. Furthermore, STASM has no notion of parallelization, which can

improve the execution time for training models as well as image search.

STASM is used extensively in academia and various research institutions as a quick

and efficient source of attaining landmarks, which made it the logical choice as a model for

this work. My goal is to build off of the success of STASM, while at the same time taking

a more modern approach to the design of the application. The end result being a platform

which gives researchers and developers the freedom to implement and test extensions to

the ASM algorithm at a level of ease that STASM is not able to provide.
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Chapter 3: Methodology

3.1 DASM

A fundamental function of this document is to explain the implementation of the

algorithms mentioned prior. Therefore, it is relevant to discuss the design of the system

and the course of decisions made throughout its development. In terms of the software

engineering approach, I chose a very simple incremental development model that asso-

ciates well with an open source project4: planning, software design, implementation and

debugging, optimization, testing, and deployment. In short, my objective for the applica-

tion was to reproduce the techniques of STASM with a fundamentally different software

architecture, while creating an environment that lends itself to organic extensions for both

researchers and end-users. Along the way, I introduced a few contributions to the system

of my own design, which will be covered in subsequent sections.

During the planning phase, I aimed to satisfy my first requirement of limiting the

amount of external dependencies of the application. STASM is tied to numerous external

libraries, many of which are primarily supported only on the Linux platform, e.g. the

Gnu Scientific Library (GSL). Furthermore, Milborrow modified the GSL libraries to suit

his own requirements, making it increasingly difficult to update STASM with more recent

releases of the library. In addition, many of the remaining standalone C libraries, such

as libpng or libjpeg, have been collaborated into broader, well-supported C++ libraries. I

attempted to find a balance between the number of external dependencies, and the amount

of work that can be offloaded to pre-written functions from tried and tested open source

libraries. I found that the use of three heavily supported and trusted C++ libraries helped to

support my application while staying within my requirements. Each library was carefully

chosen based on its reliability, level of support and use in the open source community, and

the level to which it was able to contribute to the project. As an added benefit, all of the

libraries are 64-bit friendly. The three libraries being: OpenCV, Boost, and OpenMP.
4Also, I was researching, designing, implementing, and validating all on my own, so a complex model

was not necessary.

29



3.1.1 OpenCV

Originally developed as a research initiative from Intel, OpenCV [3], short for Open

Source Computer Vision, was released publicly under a BSD license in 2000. The library

itself was developed to provide universal access to over 2500 algorithms focused in the

areas of computer vision, machine learning, and image processing. It was originally written

in C/C++, but has since been extended to support Java and Python. Their website (http:

//www.opencv.org) states that OpenCV has more than 47 thousand active users in

the community and an estimated number of downloads exceeding 5 million. OpenCV is

a test driven platform; each release undergoes extensive testing prior to release by a host

of developers. The most up to date version at the time of this thesis, OpenCV 2.4.5, was

used in this project, but all versions from 2.0 upwards are compatible. In terms of DASM,

I utilized a number of the libraries functions for processing images as well as performing

various advanced statistical techniques, such as the PCA.

3.1.2 Boost

Boost5 is actually a collection of peer-reviewed C++ libraries which support a wide

variety of applications. Similar to OpenCV, Boost maintains an open source permissive

software license that enables its use in public and commercial software. Version 1.53, used

in this work, provides access to over 80 individual libraries ranging from multithreading

and linear algebra to regular expressions. I utilized the Filesystem and Program Options

libraries for directory and command line parsing, respectively.

3.1.3 OpenMP

Finally, OpenMP6 is a C/C++ library which provides a set of compiler directives and

routines that can be used to specify parallelism in shared memory applications. The library

enables users to parallelize regions of code which are iterative by nature, such as loops, by

surrounding the regions with compiler directives. Individual threads are spun up at run time

and wait for work to be assigned to them. As almost every computer nowadays contains
5http://www.boost.org/
6http://openmp.org/wp/
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multiple processing cores, it was an intuitive decision to incorporate mutlithreading into

the application to effectively reduce the overall computation time of model training and

image search. OpenMP was chosen over the Boost threading libraries because of its simple

implementation and high-level approach to parallelism.

3.1.4 Software Design

The first design decision was whether or not to directly modify the STASM code

base or construct the application from the ground up. My second requirement was to in-

corporate an object-oriented design which would allow for extensibility to the software.

Based on this requirement, I concluded that the amount of effort required to convert the

C-like structures and custom data structures to an object-oriented class structure, would be

greater than developing from scratch. Instead, I used STASM as a model for designing the

flow of the software, from function implementation to how the data should be organized.

Ultimately, DASM follows STASM very closely as far as the methodology is concerned,

but varies in its implementation.

My third requirement was to include all of the extensions to the original ASM al-

gorithm that STASM introduced, as mentioned in the previous chapter. I will discuss the

implementation of each contribution in the following sections, which describe the model

building and image search processes.

3.2 Model Building

Prior to the image search process which involves fitting landmarks to features in

images, it is required to construct a model which holds the information about the shape

and profile models. Multiple models drawn from two classes of objects were constructed

in this work: frontal faces and profile faces. Various point schemes and data demographics

were adapted for each model to validate the performance of the software. Results from a

252-point general model of frontal faces7 and 14-point model of profile faces are displayed

in this work. Four databases were utilized for model training and testing.

1. The MORPH [41] database
7Considered the general model because it characterizes a wide variety of demographics.
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MORPH is a longitudinal face database developed for researchers investigating any

facet of facial analysis, but has primarily been associated with research dedicated

to age estimation and face progression. The non-commercial (academic) version,

hosted by the University of North Carolina Wilmington’s ISIS Institute, contains

over 56,000 images of frontal facing neutral expression faces (mugshot images). The

demographics of the dataset span both genders, multiple races, and a range of ages

from 16-77, with a median age of 32. As it is a longitudinal database, there are

roughly 4 images per individual in the set with an average time between photos of

179 days. A subset of the MORPH database makes up a majority of the images in

the 252-point general model. See Figure 3.13.

2. The Productive Aging Laboratory database (PAL) [36] database

The PAL database is hosted by the Park Aging Mind Laboratory within the Center

for Vital Longevity of the University of Texas at Dallas. It contains high quality color

and gray scale images from a multitude of varying facial expressions. Demographic

information for the database can be found in [36]. A small subset of PAL images

contribute to the general model. See Figure 3.13.

3. Pinellas County Sheriffs Office (PCSO)

The PCSO database is an enormous face dataset containing over 1.29 million digital

images. Similar to the MORPH database, PCSO contains frontal facing mugshot

photographs. Images from this database make up the final portion of the general

model. See Figure 3.13.

4. Surveillance Cameras Face database (SCface) [20]

SCface is a database of images taken in an uncontrolled indoor environment from

five video surveillance cameras. Images were selected from a variety of angles to

capture various facial poses from 130 subjects. A subset of a 90 degree pose images

were used in this work to build the 14-point profile face model. See Figure 3.13.
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Figure 3.13: Sample images from MORPH, PAL, PCSO, and SCface

3.2.1 Ground truthing

Ground truth data for the above datasets was acquired over the course of a few

years of dedicated labor by students (including the author) at the University of North Car-

olina Wilmington’s Face Aging Group. Ground truth landmarks are necessary not only for

training models, but also for validating the results of automated techniques such as DASM,

STASM, etc. There exist a number of tools designed to help alleviate the difficulty as-

sociated with manually annotating landmarks. The tool used in this work was designed

with the flexibility of labeling dense and sparse point schemes [1]. Figure 2.6 shows the

interface of the Facemark tool. As mentioned earlier, obtaining ground truth landmarks is

a tedious and very time consuming task. Experts must be trained on a specific landmarking

scheme in order to reduce the effects of inconsistencies of landmark placements across the

training set. In [47], Sethuram introduces a component scheme, in which a group of experts

are trained to annotate specific regions or components of, in her case, the face. In effect,

this ensures that there are minimal inconsistencies of correlated landmarks across the entire

training set. This is an especially beneficial technique for dense landmark schemes, where

it can often take a single individual ten minutes to precisely landmark an entire image.

3.3 Training Methodology

The size and quality of the training set will play an important role in the model’s

ability to generalize new examples. Over-training will result in the introduction of erro-

neous points to the system, while under-training will restrict the ability of the model to

accurately describe all the variations of the object. A less complex structure such as the
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shape of a hand would require a smaller training set than that of the face, based on the

amount of variation present with faces. Both the general model built in this work, as well

as the testing set, were adopted from the same data in the experiments of [47]. The general

model training set was formulated with a distribution of images spanning age ranges of 18-

71+, both male and female genders, and Caucasian and African American ethnicities. In

total, 1155 ground truthed images were used in training in the hopes of capturing all of the

variability across the various demographic groups. Two 14-point profile face models were

constructed from the PAL and SCface databases, respectively. The purpose of this was to

see how well each model generalizes against unseen images from the opposite dataset. The

evaluation techniques and experiments will be discussed in the following chapters.

After ground truth data has been acquired, it is necessary to extract the image data

to build each model; this is where the DASM software steps in. The application requires

the user to define a configuration file which informs the program whether or not the user

wishes to train a model, or use a pre-built model for image search. In regards to model

training, the software attempts to load the training images, the associated points files, and

the parts file which corresponds to the landmark scheme. Appendices 1 and 2 shows the

formatting of a typical points and parts file. Furthermore, a number of additional parameter

options can be specified, such as enabling OpenMP, i.e. how many threads the user wants

spun up, or entering verbose mode. Additionally, model parameters such as the length and

size of each one and two dimensional search profile, and the number of image pyramid

levels can be defined. An example configuration file is illustrated in Appendix 3.

If one has a familiarity with STASM, it comes as no surprise that there are a number

of fine tuning parameter adjustments that affect a model’s ability to accurately generalize

new examples. Milborrow [34] performed extensive testing to find the optimal parameters

for training and image search on images from three databases: the AR face database [31],

the BioId face database [25], and the XM2VTS database [33]. He defined the optimal

parameters as those that produced the most accurate landmarks across each dataset, which

did not result in a significant increase in computation time. I use his suggested model
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parameter values as a starting point for my tests. It is recommended to read through his

Master’s thesis, where he explains the choice of each parameter in great detail.

3.3.1 Model parameters

The choice of model parameters is contingent upon a number of factors; the num-

ber of landmarks, the image resolution, the object being described, the quality of the image

data, etc. Instead of recording the optimal parameters selections related to data acquired

from a specific dataset, it makes more sense to define a range of parameter values which

generalize across varying data, whether it be faces or any other class of objects. For ex-

ample, the optimal number of pyramid levels for a 252-point landmark scheme of a face

may not be the optimal number for a 10-point scheme describing the geometry of the hand.

Unfortunately, this would require a great deal of testing which is outside the scope of this

thesis. Instead, I explored a number of experiments which evaluated models trained under

varying conditions, i.e. tweaking the length of the search profiles. The purpose of the ex-

periments was to find an optimal model which, when compared against STASM and other

landmarking techniques, would show the effectiveness of the DASM implementation. The

following chapter shows the results of the experiments and the optimal model parameters.

3.4 Training Implementation

Integrating the model training methodology to the software was a fairly straightfor-

ward process. The implementation closely follows the methodology described in the ASM

overview section of chapter 2. A simple class structure was designed to handle all of the

fundamental tasks involved with model training and image search, illustrated in appendix

4. During training, a single instance of the Model class is instantiated, which houses all of

the information that is necessary to perform image search. Every image and corresponding

points file is associated with an instance of the Shape class. The Shape class stores the im-

age data in terms of a two dimensional matrix of pixel intensities and landmark coordinates

in the form of a one dimensional vector of points. Each Shape’s image is either resized us-

ing bicubic interpolation over 4x4 pixel neighborhood, or padded with extra pixels to ensure

a standard size for all of the training data. Maintaining a constant size prevents disparities
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which arise when extracting gradient information from various size images. Essentially, the

profiles would not match across images, meaning we won’t see the nice normal distribution

for each mean profile, as seen in Figure 2.9. Unfortunately, there is no way of knowing how

large the object is within the image without some a priori knowledge, i.e. the location of

the eyes, which would allow scaling the image by the interocular distance.

At the same time, the image resolution also affects the choice of 1D profile length.

A profile length of 11 pixels on a very high resolution image, i.e. 3200x2400, does not

make sense as the profile is hardly capable of describing an extremely small amount of the

image. Also, through empirical testing I found that processing on high resolution images

versus low resolution images does not increase the accuracy; in fact it only hinders the

system by increasing the amount of processing and memory requirements. Factors such as

image artifacts, poor illumination conditions, and unconstrained pose had a much greater

impact. Ultimately, forcing images to a standard size, either by resampling or padding, for

both training and testing, proved to be the most efficient means of defining a standard set

of model parameters.

3.4.1 Training the Profile Model

The next step is to develop the profile model. However, it is necessary to first set

up the image pyramid. Each Shape’s image data and points are down-sampled by the pre-

selected number of pyramid levels. At each level, the profiles for each landmark are trained

across the entire dataset and the mean profiles are computed and stored by the Model class.

It is pertinent to discuss the distinction between one and two dimensional profiles. Two

dimensional profiles are constructed by defining a square patch around each landmark as

opposed to a one dimensional vector. Processing of 2D profiles is extended slightly beyond

the standard 1D profiles by performing matrix equalization, but the end goal remains the

same. Each profile region reflects a square matrix, such that the landmark rests in the

center of the profile. The matrix contains the extracted image pixel intensities, which are

then processed by a correlation filter, shown in Figure 3.14. Figure 3.15 illustrates 9x9 2D

profiles surrounding each landmark. The gradient matrix is then normalized and equalized
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Figure 3.14: 3x3 Gaussian correlation mask

by applying a Fast Sigmoid Transform to each element i of the matrix X ,

X 0 =
X i

abs(X i) + c
. (3.17)

Milborrow suggests choosing a shape constant c of 10 or more, meaning that only a small

amount of equalization is applied to the matrix. The resulting mean profiles after training,

illustrated in Figure 3.16, show a similar inverted Gaussian distribution found in the 1D

mean profiles. On a whole, 2D profiles have shown to produce more accurate landmarks

than 1D profiles. However, they do increase the computation time due to the matrix pro-

cessing as well as the memory requirements, particularly due to the covariance matrices.

For instance, a 1D profile of length 9 produces an 81 element covariance matrix, whereas

a 9x9 2D profile results in a 6561 element covariance matrix. Multiply that by 252 data

points and 4 pyramid levels and you are talking about a substantial amount of memory.

Thankfully, memory is less of an issue today, so this does not result in a limiting factor to

the application.

3.4.2 Incorporating Parts Information

During training, 1D profiles also make use of the parts information. The direction

of each search vector is determined by the perpendicular angle of the current landmark’s

two immediate neighbors, i.e. landmark 55’s search profile would be perpendicular to a

line connecting points 54 and 56. Unfortunately, not all landmarks have two neighbors

related to the same part, and in some cases no neighbors at all, such as the nose tip and

eye centers. In these situations, it is not logical to determine the search direction based

on points from a different part, which could be located anywhere on the object. Instead,

profiles for landmarks which fall on the end of an open boundary, i.e. points 236 and 241

from Figure 3.17, determine their search direction based only on the neighbor within the

37



Figure 3.15: 9x9 pixel 2D profiles surrounding each landmark

same part. In rare cases where there are single point parts, the search direction is forced to

be vertical. Typically, these are anatomical landmarks which are not necessarily defined by

a strong gradient, so the search direction is less important. The difference between profiles

with and without parts information can be seen in Figure 3.18. 2D profiles do not use parts

information during training, because they are all vertically and horizontally aligned with

the boundaries of the image, as seen in Figure 3.15. Parts files are not a novel concept; they

are used in conjunction with Cootes’ am markup tool8. However, their integration with

profile search in ASMs is a new design.

3.4.3 Finalizing the Model

Training the profile model consumes the majority of the training time, due to the

immense number of calculations, albeit simple ones. The two remaining major tasks in-

volve developing the PDM and determining the correct shape initialization from the object

detector. The implementation of the PDM abides by the same methodology from the orig-

inal ASM algorithm, described in section 2.2.4. The mean shape, which is stored by the

model, is the final reference shape when the alignment process has converged. This shape
8http://www.isbe.man.ac.uk/˜bim/software/am_tools_doc/index.html
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Figure 3.16: 2D Normalized mean gradient profiles for a landmark located on the boundary of a
profile face image across 3 pyramid levels. (top) Level 1, (middle) Level 2, (bottom) Level 3.
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Figure 3.17: An open boundary part along the chin

Figure 3.18: Profile search directions of the chin without and with parts information

is used as the initial shape (starting point) when beginning the image search process.

3.4.4 Object Detection

Object detection is a key contributor to automatic landmarking systems. In con-

trolled scenarios, we can manually define a starting location for the initial shape which is

close to the structure to be searched. In real-world situations, it is not possible to have di-

rect human interaction with the initialization of the shape with respect to the object within

the image. Automatic detection alleviates this problem by giving a good estimate of the

location of the structure within the image.

Object detection is a domain of study in computer vision concerned with finding a

desired object within an image, rather than attempting to identify it. For example, locating

an automobile within an image, but not necessarily recognizing its make and model. A

significant amount of research has been invested into detecting or recognizing faces, as

well as specific features of the face, such as the eyes or mouth [23]. Unfortunately, the

technology does not exist yet to be able to universally detect miscellaneous structures based

on semantic notions of content, i.e. ”find the boy holding a red balloon” [19].

Two object detectors were tested in this software. The first was provided by the

OpenCV distribution. Their object detection functionality is based on the work by Viola
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Figure 3.19: Frontal face detections from the OpenCV detector: (left) Successful detection, (center)
Poor bounding rectangle, (right) Failed detection

and Jones[55], and extended by Rainer Lienhart[30], that enables users to construct custom

object classifiers for detection. Once a classifier has been trained from a set of examples, it

can be used to detect the known object in an image. Upon successful detection, a bounding

rectangle is placed on the image surrounding the detected object. Various classifiers, in-

cluding frontal face, profile face, eye, and full body classifiers come prepackaged with the

distribution.

The two biggest flaws with the OpenCV implementation of face detection is that it,

(1) often fails to find the object under poor image conditions and, (2) occasionally produces

false positives. For example, the profile face classifier when applied to 124 images from the

SCface database, successfully located the face only 102 times. The frontal face classifier is

much stronger, but is often inconsistent as to the placement of the bounding box on the face,

i.e. it is notorious for cutting off the chin. Figures 3.19 and 3.20 show examples of good

and poor detections. Without an accurate detection, we cannot initialize the mean shape,

meaning the model has no chance of accurately landmarking the features of the object. In

fact, the software does not even attempt to search the image if the detection fails.

An alternative face detector was acquired for testing purposes from PittPatt [45].

The PittPatt 5.2.2 face detector is more robust to varying image conditions and has shown

under test conditions to rarely produce false positives. Instead of coupling the use of either
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Figure 3.20: Profile face detections: (left) Successful detection, (center) Poor bounding rectangle,
(right) Failed detection

detector to the software, the detector functionality was designed to be as abstract as possi-

ble. Ultimately, any user defined object detector can be implemented into the program as

long as it is capable of supplying coordinates and dimensions for the bounding box. This is

a distinct design advantage over STASM, which enforces the use of either the Viola-Jones

detector or the Rowley detector [43].

Shape initialization is one of the most important steps during the search process.

It is possible to use additional information to produce a better initialization; I will touch

on this topic in my conclusions. During the training phase, the bounding rectangles di-

mensions are accumulated across every detected image and an average is computed. It is

necessary to discover the relationship between the center of the average box and the center

of gravity of the mean shape, such that when the mean shape is initialized, it is understood

by how much to scale and translate the shape to the detected bounding rectangle. Basically,

we want to know exactly where to put the start shape, according to how the landmarks from

the training data relate to the detected box.

Once complete, the model is written out in a text and binary format. The text file

is useful for debugging and discovering inconsistencies in the data. The binary format is

preferred for use in the program, because it requires less space and loads exponentially

faster than the text based format. Appendix 5 illustrates an abridged textual model file.
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This concludes the model training implementation.

3.5 Training Summary

In summary, the training process involves developing a model which contains in-

formation about the typical variations of the object’s shape, what each landmark’s local

neighborhood looks like, and how to initialize a shape based on where the object is lo-

cated in an image. With all of this information, it is possible to search new images and

automatically identify landmarks with a certain degree of confidence.

3.6 Search Methodology

Given a trained model, we want to be able to use it to produce accurate landmarks

on new examples. The search begins by initializing the model’s mean shape to the detected

location of the object in an image. Based on the scale and location of the bounding rectan-

gle, we can give a close approximation of the starting point for the search. It is clear from

Figure 3.21 how great of an effect the initialization has on the search process. A poor start

shape makes it difficult for the model to recover from, if it is able to at all.

3.6.1 Profile Search

The profile search begins at the lowest level of the image pyramid and works up-

wards to the original resolution. For 1D profile search, search profiles are offset at each

pixel along the whisker. 2D search profiles are computed at every other location along

the whisker, as well as an additional ±1 along the y-displacements of the landmark. The

search profile which is the most similar according to equation 2.16, becomes the suggested

location for the landmark. After all of the landmarks have been searched, the suggested

shape is realigned with the model’s mean shape, to ensure that the new shape is a plausible

shape. Figure 3.22 shows the result of a landmark search that was not conformed to the

model. Without shape constraints, the points are free to latch onto any feature that they find

is the best profile match, as is evident by the point that attached to the man’s shirt collar.

3.6.2 Applying Shape Constraints

We control how much to conform the suggested shape by applying limits to the b

vector from equation 2.10. Limits are applied based on a percentage of the information
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Figure 3.21: Shape initializations based on the detected bounding box. (top left) Cutoff chin, (top
right) Good initialization, (bottom) Below the chin
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Figure 3.22: Produced landmarks without shape constraints

contained in the eigenvalues. For instance, we may only wish to retain the top 75% of the

ranked eigenvalue information (not the number of eigenvalues), which describes the main

modes of shape variation. The less eigenvectors used in the calculation, the more similar

the conformed shape will be to the model’s mean shape. Additional constraints of ±1.8
p
�i

control the maximum allowable value of each element in the b vector. The value of 1.8 was

borrowed from Milborrow’s tests[35]. In order to preserve the length of b after it has been

constrained, the clipped values are replaced with zeros. It has shown to be useful to loosen

the model by increasing the amount of eigenvectors by a small amount during the final

iteration of search. This allows for additional wiggle room for the suggested landmarks at

the original (full) image resolution.

3.6.3 Stacked Models

Once every level of the image pyramid has been searched and the landmarks con-

verged, there is the option of repeating the search a second time using the newly acquired

landmarks as the starting shape. Tests have shown that stacking the model search produces

slightly better results overall. The unfortunate drawback is the increased computation time

required to repeat the entire search, as will be seen in the experiments chapter. In the cur-
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rent implementation, DASM is limited to using the same model for the second search. It

would be beneficial to allow for a separate model to be specified for the stacked search,

with different model parameters. For instance, given a decent initial shape, we can say

with some confidence that the landmarks from the initial search are likely to be close to

their destined features. Therefore, it isn’t necessary to repeat every level of the pyramid

search, especially the lower resolution levels. In fact, repeating the search at the lowest

levels could potentially drive some landmarks further away from the object.

3.7 Image Search Summary

The search heuristic can be summarized by the following steps:

1. Initialize the model’s mean shape to the detected bounding rectangle

2. Beginning at the highest level of the image pyramid, perform a profile search to

generate the suggested landmarks

3. Conform the suggested shape x to the model’s mean shape x̄

4. Repeat the search at each level until the landmarks converge

5. Optionally repeat the search with a stacked model

6. Output the new landmarks to a points file

3.8 Testing Methodology

Two experiments were performed to to illustrate the performance of DASM. The

first measures how well the DASM implementation holds up against similar automatic

landmarking techniques. Specifically, I want to explore the accuracy of rendered landmarks

of the competing algorithms on a single large dataset. How well each algorithm performs

is measured by the error and classification rates when applied to 1015 images of frontal

faces using the 252-point scheme. The performance metrics and distribution of the testing

set were already in place, thanks to the study by Sethuram et al. [46]. However, before

I could perform the experiment, various tests had to be administered to find the optimal

model parameters related to the test data.
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The second experiment was designed to measure the speed associated with con-

verging to the landmarks. I am most concerned with the search process, as this is where

we see the most gain from parallel execution. By assigning each image a single thread,

we are theoretically reducing the overall computation time by 1
n where n is the number of

available threads. The results of both experiments are illustrated in greater detail in the

following chapter.
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Chapter 4: Experiment and Results

This chapter introduces a series of experiments and results related to:

1. finding the optimal model parameters for the 252-point frontal face model

2. comparing DASM against similar automatic landmarking techniques: STASM, AAM,

CLM

3. measuring the computational efficiency of multi-threaded image search

4.1 The Training and Test Data

Both the training and testing data for the 252-point scheme were formulated by

manually annotated images from the MORPH, PAL, and PCSO databases. Tables 4.2 and

4.3 describe the distribution of the training data according to the demographics of the in-

dividuals and databases used, respectively. The data closely resembles an even distribution

across various age ranges and ethno-gender groups, i.e. African American Females (AAF),

Caucasian Males (CAM), etc. A perfectly even distribution across the ethno-gender groups

was not possible due to the lack of data in certain instances, such as African American

Males in the age range 71+. In total, the 1155 images which formulate the general model

provide the baseline for the frontal face experiments. The testing set of 1015 images is

comprised of a similar distribution of data, described in tables 4.4 and 4.5. There is no

crossover of images in the training and testing sets.

Table 4.2: General model training distribution based on ethno-gender groups and age ranges
Age Range AAF CAM AAM CAF

18-30 50 50 50 50
31-40 50 50 50 50
41-50 50 50 50 50
51-60 50 50 49 50
61-70 50 50 48 50
71+ 38 21 49 50

4.2 Model Parameters
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Table 4.3: General model training distribution across the databases
Database AAF CAM AAM CAF

PCSO 88 62 140 180
MORPH 200 199 149 67

PAL 0 10 43 53

Table 4.4: Testing set distribution based on ethno-gender groups and age ranges
Age Range AAF CAM AAM CAF

18-30 50 50 50 50
31-40 44 49 50 50
41-50 41 50 50 50
51-60 49 50 50 50
61-70 11 50 43 50
71+ 0 50 2 26

Table 4.5: Testing set distribution across the databases
Database AAF CAM AAM CAF

PCSO 103 240 140 244
MORPH 80 44 101 6

PAL 12 15 4 26

This section shows the evaluations of finding the optimal model parameters for the

general model. The four major tests involved were:

1. examining the profile types and lengths

2. the number of image pyramid levels

3. stacked versus non-stacked models

4. and the percentage of eigenvectors used by the PDM.

There are three additional factors that affect the performance of the model which

were not extensively tested in this work. The convergence threshold value determines when

the profile search at the current pyramid level can be stopped and the next level begun.

For instance, a convergence factor used in these tests, 51%, meaning in order to declare

convergence, over half of the suggested landmarks did not shift more than one third of the

profile length away from the current location. Since it is possible that the system may never
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converge, a cap is placed on the maximum number of search iterations at each level. The

maximum number of searches per level was 6 during these tests. The final factor relates to

how many eigenvectors are supplemented during the final level of search. This simulates

”loosening” the model, which gives the suggested landmark movements more freedom at

the original image resolution. A fixed value of 10 eigenvectors was the added factor for the

following tests.

The experiments were run on a Windows 7 machine, containing a Intel Core I7 at

3.4GHz with 8 cores. The tests were all run in 32-bit mode.

The performance metrics that are used to evaluate the techniques put forward in

this work are taken from [46]. Of note are measures of the cumulative error distribution

(CED) and average error per annotation point. The CED measures the percentage of images

that have less than a specific mean average error. That is, the cumulative error per image,

averaged across the entire testing set. Alternatively, the average error per annotation point

gives us in depth look at a model’s ability to localize each individual landmark. The error

measures are normalized by the interocular distance dio of each subject.

ei =
kTi � T̂ik

dio
(4.18)

Interocular distance is defined as the distance between the centers of the left and

right eyes. This type of normalization ensures that an equal measurement can be evalu-

ated under variant image sizes. The following tests were all evaluated using the 252-point

scheme on the 1015 image test set.

4.2.1 Profile Configuration

The first experiment compared the effectiveness of one- versus two-dimensional

search profiles. I examined four different profile lengths (number of pixels) for each search

criteria: 7, 9, 11, and 13 for 1D profiles, and 7x7, 9x9, 11x11, and 13x13 for 2D profiles.

The results, displayed in Figures 4.23 and 4.24, show that for 1D profiles, a 7 pixel whisker

is the best choice. However, if you look closely at the scale of the horizontal axis, you
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Figure 4.23: Results of varying the profile length for 1D profiles.

will see that the 2D profiles produce significantly less error than any of the 1D profiles.

This is furthered exemplified in Figure 4.25, which shows the mean error per landmark

between the optimal 1D profile model versus the optimal 2D profile model. The difference

in profile size for the 2D profiles was minimal, however, the 11x11 parameter was chosen

for the optimal model. As the 1D profiles showed to be less effective for search, the rest of

the experiments focus only on 2D profile models.

4.2.2 Pyramid Levels

The second experiment evaluates the performance of the model search when the

number of pyramid levels is adjusted. Figure 4.26 illustrates that increasing the number of

pyramid levels correlates to a higher accuracy of landmarks. Essentially, the results reveal

that given the model’s ability to perform a greater amount of profile searches, the landmarks

have a better chance of converging on their features. All of the images in the training and

testing set had an image original resolution of 320x400.
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Figure 4.24: Results of varying the profile size for 2D profiles.

Figure 4.25: Disparity between the best 2D model and 1D model search
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Figure 4.26: Difference between multiple levels of search.

4.2.3 Stacked Models

The next test took the optimal 2D profile model and evaluated it in a stacked versus

non-stacked search environment. Figure 4.27 suggests a minor improvement from stacking

the model in succession. As mentioned earlier, the current implementation only allows

the same model to be stacked. It would be interesting to see if there is a more significant

increase in performance if a different model is stacked. As we will see in section 4.4, there

is a drawback with stacking models in reference to computation time.

4.2.4 Percentage of Eigenvectors

The final experiment related to discovering the optimal model parameters explores

the percentage of eigenvectors to incorporate when conforming a new shape to the model’s

mean shape. The lower the percentage, the more similar the shape produced from the profile

search will be conformed to the mean shape. Conversely, a higher percentage allows for

more freedom for the landmarks to differ from the shape model. Four percentages were
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Figure 4.27: Performance of stacked versus non-stacked model search

tested: 65%, 75%, 85%, and 95%. Note that this is a percentage of the eigenvalues which

have been trimmed during the training phase. When the PCA is computed, only the top

98% of the data is preserved. The purpose of this was to eliminate residual data which gets

generated when computing over a large amount of data points. So the 65%, 75%, etc. are

actually a percentage of the preserved 98% PCA space. Figure 4.28 shows that the less

eigenvectors that are present, the greater the accuracy of the landmarks. The actual number

of eigenvalues associated with the percentages were 11, 18, 31, and 67, respectively.

4.3 Comparison to Similar Methods

Once the optimal model parameters were found, I compared the results of land-

marks produced by DASM against three competitive techniques: STASM, AAM, and

CLM. Figure 4.29 shows that the current implementation of DASM produces slightly worse

results than STASM, yet right in line with the CLM method. Figure 4.30 shows the aver-
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Figure 4.28: Percentage of eigenvalues applied to the system

age error per landmark from the top three algorithms. The spikes in the graph, i.e. points

in the range 123-127 and 131-135 relate to anatomical landmarks representing the cheek

bones of the face. Anatomical landmarks are typically more difficult to locate with the

ASM methodology because their mean profiles are not defined by a strong mathematical

gradient that the profile model can match to during image search. Instead, they rely heavily

on a correct shape initialization and the PDM conforming them to the general region of the

facial feature they define. I will touch on this dilemma again in my conclusions.

4.4 Parallel Speedup Test

The final experiment relates to the computational efficiency of the software. Figure

4.31 shows the search time speedup as a result of including additional OpenMP threads.

There is not a linear gain from the addition of a new thread because of a bottleneck that

is caused by a critical section surrounding the face detection function. From the way the
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Figure 4.29: Cumulate Error Distribution of DASM against similar landmarking techniques

OpenCV detector is currently implemented within the software, it is not safe to use in a

multi-threaded environment. To prevent irregular program behavior, I enforced that detec-

tion functionality be done within a critical section, meaning only one thread has access to

the routine at a time. So, what we are seeing from the graph is that although there is a sig-

nificant speedup with the inclusion of more threads, many of the threads are forced to wait

on the other threads to complete the face detection before they can continue processing.

Obviously, if a detector is implemented in such a way that it proves to be thread safe, the

critical section can be removed, and a more linear trend should be evident with the addition

of each thread. It is also clear from the chart that stacking the model effectively doubles the

search time. This should be taken into account if speed of computation is more important

to the user than higher accuracy of landmarks.

4.5 Profile Face Experiment

To prove that DASM is not limited to frontal faces and dense point schemes, I ex-

plored a secondary test on profile faces with a 14-point scheme. The point scheme was
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Figure 4.30: Comparison of the average error per landmark from CLM, STASM, and DASM on the
general model

Figure 4.31: Tested on the general model with 4 pyramid levels and a profile length of 11.

abstracted from a study by Bottino et al.[2]. A few minor adjustments were made to the

two-part scheme, specifically the addition of pseudo points on the nose and along the con-
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tour of the chin. However, the majority of the anatomical facial landmarks, i.e. the exocan-

tion, alare, and cheilion, were held consistent with the study. 124 images were extracted

from the SCface database which exhibited 90 degree pose and minimal occlusions. A few

samples, both good and poor results, are shown in Figure 5.32. It was evident from exam-

ining the results that the lack of training data, in comparison to the general model’s 1150

images, had a significant impact on the accuracy of the produced landmarks. It would be

interesting to see if the accuracy of the landmarks increases if additional landmarks are

included to the scheme or the size of the training set increases.
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Chapter 5: Conclusion

This thesis proposes a modern approach to solving the problem of automatic land-

marking by introducing an open source application framework, designed to be efficient in

terms of accuracy and speed, and easily extensible by end-users. This project reproduced

many of the contributions of Stephen Milborrow’s STASM [35], while maintaining key

elements of Cootes et al. Active Shape Models. As is evident by the results of the ex-

periments, the software is competitive with current published methods for locating facial

landmarks. The major contributions of this work are articulated below:

1. Designing and implementing a software platform which enables researchers the abil-

ity to experiment and develop extensions to the ASM algorithm

2. Incorporating parts information to improve upon the landmark search directions

3. Making use of well-supported external libraries to support computation tasks

4. Creating a multi-threaded environment to increase the computational efficiency

5. Providing a robust solution to object detection by harnessing the power of abstraction

5.1 Limitations of ASMs

Active Shape Models were originally designed with the purpose of analyzing simple

shape structures such as internal organs or bone structures. They have been extended to be

an effective method of analyzing human faces, under certain conditions. For instance, it

is possible to use ASMs to accurately locate facial features of individuals within images,

as demonstrated in this work, such that each face is similar in terms of expression and

pose. Visual inspections have shown that ASMs struggle when forced to interpret faces

with expressions which vary from the training data, i.e. smiling, laughing, sad, surprise,

etc. It would be interesting to train specialized models related to each subset of expression,

as opposed to a general expression model. We can safely assume that individual models

would perform better when analyzing faces related to their own specific type expression.
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The difficulty would lie in knowing which model to use when applied to an unconstrained

environment such as video analysis, where individual expressions are likely to change over

short periods of time.

The second notable limitation of ASMs are their inability to handle minor pose

variations. This is a natural drawback of attempting to analyze a 3-dimensional object in

2-dimensional space. An object’s pose in three dimensions is defined by its yaw, pitch,

and roll. Of the three, yaw and pitch have greatest impact on an object’s 2D shape. For

example, a face viewed at a 90 degree angle versus a frontal view, has nowhere near a

similar shape. Roll, or rotation of the face, can also introduce complications during im-

age search. During training, the model’s mean profiles are accustomed to upright features

which produce a certain gradient. If a face is rotated by 45 degrees, the profile gradients

would not match to the model’s profile features. Empirical testing showed that even minor

facial pose variations caused drastic errors in landmark localization. However, if we have

knowledge of rotational pose of the face, it would be possible to rotate the image itself

to realign the actual features with the model’s. The result would likely be a better overall

landmark fitting. The challenge is interpreting the rotation of the face prior to processing.

There is a potential solution to this problem if we have known locations of the eye

coordinates and nose tip, or some other well distinguished feature of the face. Advanced

face detectors, such as the one provided by PittPatt, have this functionality built in. With

three well defined points on the face, we can determine the initial scale, rotation, and trans-

lation of the mean shape within the image. Since the algorithm relies heavily on a close

initial approximation of the location and size of the object in an image, employing this

method could drastically improve automatic landmarking.

5.2 Final Thoughts and Suggestions

It may be in the best interest of the user to train multiple models with varying model

parameters, and test to see which model produces the most accurate results with the data

at hand. Adjusting certain parameters such as the profile lengths, even by minor amounts,

can have drastic effects on the quality of the landmarks. Secondly, if you know you are
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going to be analyzing high quality images, incorporate these same types of images into the

training set. For instance, it doesn’t make sense to have a training set of very high quality

images if you are going to be searching on images extracted from a low resolution webcam

or security camera. Remember to include an adequate amount of images to the training

set, in order to describe all of the typical shape variations of the objects shape. Finally, for

best results when working with faces, train on a single form of expression and try to keep

a uniform pose.

5.3 Future Work

DASM is an open-ended project with great potential for growth and improvement.

The software itself is by no means error-proof, nor has it been rigorously tested or de-

bugged. There are a number of areas which would benefit from overhaul in design, which

could potentially result in better memory management and more code reuse. There is also

an immediate appeal to build the software in the form of a dynamic library as opposed to

a standalone application. The current version of the program is designed to process a di-

rectory of images, regardless of the volume. A library could potentially supplement other

applications, such as real-time video processing, by providing fast and accurate landmarks

of images. It is a constant struggle when designing research applications to maximize the

usability, maintainability, extensibility, and readability of the software. One of the foremost

reasons for developing DASM, was that STASM, to a certain degree, suffered from poor

readability and extensibility. With support from the research community, DASM has the

potential to be a highly valuable application.

Given another year of research, there are a number of additional experiments that

I wish I could have run. It would be interesting to evaluate the general model on a vari-

ety of landmark schemes beyond the dense 252-points. Other schemes, such as the 69-

or 127- point scheme, are similar in nature to the 252-points, but disregard many of the

facial features which are defined by anatomical landmarks. It is likely that these schemes

would outperform the 252-point scheme based on how much greater the error associated

with anatomically defined landmarks is compared with features defined by strong image
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gradients. Furthermore, the optimal model used in this experiment was based on only a

few tests related to the varying four major model parameters. Extensive testing of every

possible adjustment to the model would almost positively result in more accurate rendered

landmarks. It would also be intriguing to explore how well the algorithm performs on

objects besides faces.

As far as extensions to the algorithm, it would be interesting to test different feature

descriptors, such as an a Local Binary Pattern (LBP), in place of the 1D and 2D profiles.

LBP’s are isotropic in nature, which is a distinct advantage over the 2D search profiles that

rely on the features having the same orientation as the model’s profiles. The algorithm

could also be extended to look at the global texture of the shape, as proposed by Sun and

Xie [53]. A similarly titled project Boosted Dynamic ASM (BDASM), showed increased

performance in noisy image environments when incorporating the Gentleboost regression

algorithm [8].
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Figure 5.32: Examples of landmarks (good and bad) produced by DASM on profile faces
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Figure 5.33: Examples of good landmarks produced by DASM on frontal faces
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Figure 5.34: Examples of poor landmarks produced by DASM on frontal faces
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Appendices A

Points File
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Example points files from the 252-
and 14-point schemes
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Appendices B

Parts File
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Example subsection of the 252-point parts file
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Configuration File
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Appendices D

Class Diagram
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A simplified class diagram of the DASM application. The Detector class is abstract. The

two subclass examples reflect the OpenCV Viola-Jones based detector and the PittPatt de-

tector.
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