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Chapter 1

Introduction

This chapter provides background information related to the project. The motivation behind
the project is explained. A short overview of previous work is given. The conclusion describes
the aims of the project.

1.1 Motivation

Charles Darwin was the first to recognize the superior expressive ability of the human face [10].
It provides one of the most powerful, versatile and natural ways of communicating our emotions
and motivations [12]. Facial expressions play an important role during human social interaction,
enabling us to provide communicative cues ascertaining our level of interest or signalling our
desire to take a speaking turn. They also give our counterpart continuous feedback indicating
that we have understood the information conveyed. Facial expression has been shown to account
for 55% of the effect of a communicated message [25] and is hence the major modality in human
communication.

Reeves & Nass [29] posit that we try to evoke our highly evolved social and affective skills when
being confronted with unfamiliar technology capable of social interaction. This has given rise to
the longstanding interest of the research community of enabling computer systems to make use
of emotive information present in interaction. For the reasons above, inferring emotions from
facial expressions in an automated manner has been the prime focus of research interest.

It turns out that while the human ‘ceiling’ in correctly classifying a given facial expression into
a particular emotion category (e.g. anger) is very high (over 90%), computers have in the past
performed significantly less well. It is only recently that a clearer understanding of the problem
of facial expression analysis and advances in machine learning systems have enabled computers
to exhibit comparable recognition rates.

Support Vector Machines (SVMs) are a machine learning system that is directly based on a
branch of mathematics called statistical learning theory, which became properly formalized in
the last decade. While SVMs have successfully been applied to a number of classification tasks
and tend to often outperform classic neural network approaches, their application to facial ex-
pression analysis and emotion classification so far has been limited. The aim of this project is to
apply SVMs to automated emotion classification.
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1.2 Previous Work

Pantic & Rothkrantz [27] provide an extensive overview of the vast research area of facial expres-
sion analysis. Detail concerning the problems involved and various previous approaches is given
in Chapter 2 and only some pointers to applications of Support Vector Machines in the context
of expression analysis and at large is given here.

SVMs are widely used in pattern recognition. Osuna et al. [26] use SVMs to detect faces in im-
ages by considering the raw pixel information at various scales, while Vapnik and colleagues [22]
perform handwritten digit recognition from scanned images of US Postal Service labels. Appli-
cations in Bioinformatics are numerous, for example protein homology detection [16] and gene
expression data categorization from DNA microarrays [2]. Joachims [17] uses SVMs to perform
text categorization.

Dumas [11] applies SVMs to expression recognition, comparing their performance to a neural
network approach operating on the same data, presented by Dailey et al. [9], and reports high
recognition rates. Littlewort et al. [23] use a similar technique to perform expression coding in
preprocessed image sequences. Kapoor [20] employs SVMs as part of a larger framework for
analyzing facial actions and head gestures.

1.3 Project Aims

1.3.1 Implementing an SVM-based Expression Analysis Application

The first general aim, as outlined in the proposal, was to integrate an SVM classifier into a graph-
ical application in order to perform expression analysis from facial images and to evaluate the
suitability of an SVM-based approach to emotion classification. It should allow the user to select
suitable training examples for the classifier, process them to perform data extraction and use the
application to classify unseen images into a range of emotion classes.

1.3.2 Investigating Different SVM Variants and Feature Extraction Methods

The second aim was to allow for experimentation with different flavors of SVM classification
within the application in order to investigate the effectiveness of each for expression analysis
from images. Furthermore, different ways of extracting data from the dataset of images were to
be explored to decide how to provide numerical training data to the SVM classifier in the final
application.

1.3.3 Implementing an SVM-based Real Time Video Expression Analysis Applica-
tion (Originally an Extension)

The availability of a real time facial feature tracker (Eyematic Interfaces’ FaceTracker) and
performance results from the project work on image-based classification caused a major shift in
project emphasis once the application described above had been implemented. It seemed that
support vector machine classifiers were well suited for a video-based interactive classification
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application. What was originally a possible extension to the project became a core focus and
took up considerable work time. The aim was to use the feature tracker to extract SVM training
data from a live video stream and perform on-the-fly classification of spontaneous expressions
using commodity hardware.
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Chapter 2

Preparation

This chapter details the work done before coding was started. A requirements analysis for both
the image-based and the video-based classification applications is presented. An overview of the
problems involved in automated facial expression analysis is given. Support Vector Machines
and their theoretical foundations are described. The approaches to facial feature extraction con-
sidered are detailed. Two different schemes for classifying facial expressions are given. The lan-
guages, tools and hardware used in the project are listed.

2.1 Requirements Analysis

2.1.1 Image-based Classification Application

1. Allow user to select images to be used for training
2. Perform feature extraction on the images to gather numerical SVM input

3. Allow labelling of training examples with the corresponding emotion classes (e.g. joy, sorrow,
anger, etc.), defined by the user

4. Make SVM parameters (kernel function type, SVM algorithm used, etc.) user-controllable
5. Train an SVM instance
(a) Gather training data from processed input images
(b) Create an SVM model from the data
6. Classify unseen examples
(a) Allow selection of an unseen example & perform feature extraction on it
(b) Classify unseen example according to model
7. Report results back to user

8. Code should be modular enough to allow possible later use of a variety of feature extraction
methods
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9. It should be possible to import/export any lengthy work done by user

10. Performance should be adequate for a typical interactive application

2.1.2 Video-based Classification Application

1. Access video stream from camcorder or webcam attached to PC via Eyematic FaceTracker

2. Use motion of features tracked by FaceTracker to extract numerical data describing spon-
taneous expressions

3. Upon user request, capture new training example together with user-provided emotion class
label

4. Make SVM parameters user-controllable

5. Train an SVM instance
(a) Gather training data accumulated thus far
(b) Create an SVM model from the data

6. Classify unseen examples — either upon user request (‘snapshot’ classification) or continu-
ously for every frame

(a) Use tracker to perform feature extraction
(b) Classify unseen example according to model
7. Report results back to user, constantly for continuous classification

8. Performance must be high enough to appear instantaneous (continuous classification is use-
less if it does not appear to happen in real time)

9. It should be possible to import/export previously defined training data — this enables the
user to skip training on subsequent sessions and aids person-independent classification’

2.2 The Problem of Automated Facial Expression Analysis

Automated facial expression analysis is a vast research field. Pantic & Rothkrantz [27] provide
a comprehensive overview of the state of the art and define three core problems an approach to
expression analysis needs to consider:

e Face detection in an image or image sequence
o Facial expression data extraction
o Facial expression classification

In both applications implemented, face detection is dealt with implicitly. For still images, it
is assumed that these are of faces. For live video, FaceTracker automatically localizes facial
features only if a face is present in the video stream.

'"Where the person requesting classification is different from the person that supplied the training data.
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Investigating the possibilities for facial expression data extraction formed a considerable part of
the preparation for this project. While the inherently motion-based nature of FaceTracker
limited the possibilities to the extraction of feature motion, the possibilities for extraction in
images were numerous. The approaches considered are outlined in the remainder of this chapter.

Support Vector Machines were used for facial expression classification in both applications. Un-
derstanding their modus operandi and the theory behind them constituted the other major part
of preparation for this project. A description of the SVM methodology is given below.

2.3 Terminology

Due to the mix of terms from machine learning, cognitive science and psychology often associ-
ated with facial expression analysis, some explanation is in order.

Features: Quantities introduced to describe data in a machine learning environment. For faces,
these can range from low level features (raw pixel data, contours in edge detected images, etc.)
to high level (representations for the nose, the eyebrows, etc.).

Landmarks: Points introduced to represent the position of certain face geometry (e.g. points
superimposed on the nose tip or the pupils).

Example: The unit of data a machine learning algorithm deals with, e.g. the data extracted from
a single face image.

Label: Designates what class a particular example belongs to. Given explicitly for training ex-
amples, calculated by a machine learning algorithm during classification for unseen examples.

Model: Representation of the training data constructed during the training phase of a machine
learning algorithm.

2.4 Support Vector Machines in a Nutshell

Machine learning algorithms are systems that receive data as input during a training phase, build
a model of the input and output a hypothesis function that can be used to predict future data.
Given a set of labelled training examples

S=((X1,Y1),---,(xi,M)),yi € {~1,1}

where the X; are input data and the Vy; are class labels, learning systems typically try to find a
decision function of the form

h(x) = sgn({w-x) +b)
(where W is a vector of weights and b is called the bias) that yields a label € {—1,1} (for the basic

case of binary classification) for a previously unseen example X.

The risk, or expected error, that the function learned makes wrong predictions on future data de-
pends on both its performance on the training set (how many errors would be made if training
examples were classified by the learned function) and its complexity. By analogy to the principle
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Figure 2.1: The 2-bit parity problem: data that is linearly inseparable in 2D (via a line) is linearly
separable in 3D (via a plane).

of Occam’s razor, simpler functions tend to exhibit greater generalization performance. Statis-
tical learning theory, pioneered by Vapnik [34, 35], shows that this generalization performance
depends on the complexity (encapsulated by the Vapnik-Chervonenkis (VC) dimension) of the
class the function is chosen from, rather than the complexity of the function itself. The VC-
dimension of a function class is measured by counting the number of possible data sets that
functions from the class could perfectly explain without error.

Support Vector Machines, instead of being based on heuristics or analogies with natural learning
systems, are based on results from statistical learning theory. Thus, theoretical guarantees can
be made about their performance by placing an upper bound on the generalization error using
the VC-dimension of the classes of the learned functions, essentially performing structural risk
minimization. SVMs perform an implicit embedding of data into a high-dimensional feature
space, where linear algebra and geometry may be used to separate data that is only separable
with nonlinear rules in input space (Figure 2.1 illustrates using the classic parity problem). To
do so, the learning algorithm is formulated to make use of kernel functions, allowing efficient
computation of inner products directly in feature space, without need for explicit embedding.
Given a nonlinear mapping ¢ that embeds input vectors into feature space, kernels have the
form:

K(x,2) = (¢(x) - ¢(2))

SVM algorithms separate the training data in feature space by a hyperplane defined by the type
of kernel function used. They find the hyperplane of maximal margin, defined as the sum of
the distances of the hyperplane from the nearest data point of each of the two classes. Statis-
tical learning theory shows that generalization performance of a hyperplane depends only on
its margin (which bounds the VC-dimension of the hyperplane), not on the dimensionality of
the embedding space. Thus, SVMs avoid the “curse of dimensionality”. The SVM methodology
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Hyperplane

Training Example

Support Vector

Margin

Figure 2.2: A linear maximal margin classifier. The hyperplane’s normal vector w and the bias b
define the decision function f(x) = sgn((w - x) +b). The support vectors lie on the margin.

‘ Kernel ‘ Formula ‘
Linear X-Z
Polynomial (yx-z+c)deree
Radial Basis Function (RBF) | exp(—y|x — z|?)
Sigmoid tanh(yx - z+c)

Table 2.1: Typically used kernel functions. C,y, degree are parameters used to define each partic-
ular kernel from the family given.

learns nonlinear functions of the form:

f(x)= sgn(zl" 0;YiK(Xi - X) +b)

i=1

where the ¢; are Lagrange multipliers of a dual optimization problem. Hence, the training of
SVMs amounts to convex quadratic optimization (solving a linearly constrained quadratic pro-
gramming (QP) problem) and avoids the problem of local minima. It is possible to show that
only some of the ¢ are non-zero in the optimal solution, namely those arising from training
points closest to the hyperplane, called support vectors. These induce sparseness in the solution
and give rise to efficient approaches to optimization. Once a decision function is obtained, clas-
sification of an unseen example X amounts to checking which of the two subspaces defined by the
separating hyperplane the example lies in. Figure 2.2 illustrates using a simple linear classifier.

The SVM approach is highly modular, allowing domain-specific selection of the kernel function
used (Table 2.1 gives typical kernels). In contrast to previous “black box” learning approaches,
SVMs allow for some intuition and human understanding. SVMs deal with noisy data and over-
fitting (where the learned function perfectly explains the training set but generalizes poorly) by
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introducing ‘slack variables’ to allow for some misclassifications. This handles data that is lin-
early inseparable even in higher space. Multi-class classification is accomplished by a cascade of
binary classifiers together with a voting scheme.

SVMs have gained a large research following in the last few years. The interested reader is referred
to [1], [3] as well as the excellent book [8].

2.5 Feature Extraction Approaches Considered

A variety of feature extraction methods for images were investigated. Due to time constraints, it
was not possible to implement all of them. Given the nature of the dataset used?, the possibility of
integration with the live video application and published performance results [7], the approach
based on landmark motion was implemented initially, as indicated in the proposal.

2.5.1 Gabor Filtering

Lades et al. [21] describe an approach to object recognition (including faces in images) based on
an extension to artificial neural networks, in which Gabor wavelets are used to perform feature
extraction. The idea is to convolve a gray-level input image with a series of Gabor wavelets,
thereby performing a filtering operation. This can be done for the whole image but is in practice
done selectively for particular locations. For each location, the magnitudes of the complex filter
responses at a range of scales and orientations is combined into a vector (called a jet’). This jet
characterizes the localized region of the face. Calculating such jets at discrete points in a lattice
imposed on the face image (regularly spaced or adjusted to match a general face shape) yields a
feature representation of the image.

2D Gabor wavelet filters are essentially sinusoidal planar waves restricted by a Gaussian envelope
and can be described by

Y (X) = (ky—zz exp (—%ﬁ) [exp(ikx) —exp <—%2>}

where the parameter K is the characteristic wave vector, which determines the wavelength and
orientation of the filter as well as the width of the Gaussian window. It is defined as

_( kycos¢y ov2 T
k_<kvsin¢u =2 Em =g

The filters possess both even (cosine) and odd (sine) parts. The convolution of the filter with the
gray-level distribution | (X) of an image is then given by

(w1 (x0) = [ [ 10 wic(x = xo)edx

Figure 2.3 shows a Matlab plot of the real and imaginary parts of a typical Gabor wavelet. Fig-
ure 2.5 shows my Matlab results for convolving the face image in Figure 2.4 with a series of Gabor
filters.
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Figure 2.3: The real (C0S, even symmetry) and imaginary (Sin, odd symmetry) parts of a Gabor
wavelet.

Figure 2.4: A typical face image taken from the Carnegie Mellon face database.

It has been argued that Gabor wavelets are a good model of the neural receptive fields in verte-
brates such as cats [18]. They have been used in a number of feature extraction approaches such
as [9] and [32]. Often, a very large number of features are extracted from an image (41,760 in
case of the Gabor jet approach taken by Dailey et al. [9]), making efficient training of a machine
learning algorithm very challenging. Application of this method to real time classification is thus
infeasible in practice.

2.5.2 Eigenfaces

Turk & Pentland [33] first introduced a method for face recognition based on ‘eigenfaces’. They
take the information theoretical concept of extracting the relevant information from a face image
and encoding it efficiently in order to compare it to others. Relevant information here is defined
mathematically, instead of on human terms (e.g. position of the eyebrows, lips, etc.), which is
seen as a safe bet given the poor understanding of what the human neural system considers
relevant in a face image. The idea is to capture the variation among a number of face images and
use it to compare individual images.

To do so, Turk & Pentland take a database of training images, considering each as a vector of

2See Section 2.7.
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Figure 2.5: A face image after convolution with Gabor filters at different orientations (left-right)
and different scales (top-down).

intensity values?, and use the Karhunen-Loéve expansion (also called principal component anal-
ysis, PCA) to find the eigenvectors of the covariance matrix of the set of images. Given, say, 128
x 128 pixel images, only some of all possible 16,384-dimensional vectors representing images will
actually map to an image depicting a face and these will not be randomly distributed. PCA picks
out those image vectors which best describe the distribution of face images in the space of all
possible images. These hence define the subspace of face images, which Turk & Pentland coin
the ‘face-space’. The vectors themselves, being the eigenvectors of the covariance matrix of the
images and having a ghostlike face appearance when displayed, are dubbed ‘eigenfaces’

Given a set of M training face images I'1,I'2,...,I'v, one can calculate the “average” face by
Y= % YM | . The vector by which each face differs from the average is given by ®; = I'; — P.
PCA applied to the vectors @; finds M orthonormal vectors Uk and their eigenvalues Ax which
best describe the distribution. These correspond eigenvectors and eigenvalues of the covariance
matrix

13 T T
C= 7 2, Py = AA
n=1

where A = [@1 @, ... ®y]. Cis N2 x N2, making calculation of the eigenvectors and eigenvalues
computationally expensive. However, it is possible to solve an equivalent M x M problem, which
is now determined by the size of the training set. The eigenvalues allow the eigenvectors to be
ranked in order of importance in describing the variation among the images. Thus, it is possible
to select M” “best” eigenfaces from the M eigenfaces calculated. These M’ eigenfaces span the

3i.e. an N x N image is a vector of dimension N2,
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Figure 2.7: Six eigenfaces generated from the training images.

face-space. Figure 2.7 shows six eigenfaces generated in Matlab from the training set shown in
Figure 2.6.

Each face image in the training set can be described exactly in terms of linear combinations of
these eigenfaces. Thus, the set of contributions (or weight) of each eigenface in the decomposi-
tion of a face image in terms of the eigenfaces of the training set can be taken as the feature data
extracted from an image. A new face image can be projected onto the face-space by calculating
the weights @ = u] (T — ) for each of the M’ eigenfaces Uy. Face recognition is performed
by choosing the image in the training set with the weights that most closely match those of the
new image. It is extensively reported that this approach works well under a variety of lighting
conditions and head orientations.

To apply the technique to emotion recognition, one can calculate eigenfaces from a training set of
images of one person expressing different emotions (Figure 2.9 shows the results for the training
images in Figure 2.8), followed by the projection weights onto face-space of each training image.
These weights can then be labelled and used as input to the training stage of a machine learning
algorithm. Unseen images are then similarly projected onto face-space and the resulting weights
used as input to the classification stage. Due to the template-based nature of the eigenfaces
method, it is very difficult to use training images of different people for emotion classification.
It is highly unlikely, for instance, that given (1) a joyful image of person A and (2) a sad image
of person B as training data, a new face of person B with a joyful expression would be classified
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Figure 2.9: The top four eigenfaces generated from the training images.

as being joyful. The similarity to (2) stemming from being a picture of the same person far
outweighs the similarity to (1) caused by the same emotion being expressed.

2.5.3 Facial Landmark Motion

Perhaps the most tried-and-true approach to feature extraction is to define a set of so called
landmarks (or fiducial points) in the facial image according to the particular face model used
and consider their motion across a sequence of images. By taking the displacements (Euclidean
distances) of the landmarks between a neutral facial expression and the ‘peak’ of a particular
emotive expression such as joy, one can establish a characteristic motion pattern for each emo-
tion expressed, as shown in Figure 2.10. This method obviously relies on the presence of both
neutral and peak images for each expression and is not applicable to individual still images.

The data extracted from an example thus consists of the vector of displacements of all landmark
points. After training a machine learning algorithm on such data, classification essentially con-
sists of matching a new, unseen motion pattern with the class of training patterns it most closely
corresponds to. As evidenced in [27], a large number of expression analysis implementations
use schemes related to facial landmark motion or similar lower level schemes like optical flow
analysis. It has been shown that tracking the motion of landmarks is an effective approach to
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Figure 2.10: Landmark motion patterns for the six basic emotions of anger, disgust, fear, joy,
sorrow and surprise.

expression analysis [7].

I decided to initially implement this data extraction method, using the same 22-point face model
employed by Eyematic FaceTracker (shown in Figure 2.11).

The possibility of integrating landmark position data output by FaceTracker later on in the
project seemed appealing. The dataset used provided sequences of images for each expression,
starting from a neutral frame and ending in a peak frame, thus allowing landmark motion to be
calculated in the image-based application. Finally, correspondence with one of the authors of [9]
suggested that a landmark motion approach was likely to yield better results than the Gabor
wavelet method in particular.

2.6 Expression Classification Schemes

There are two main schemes according to which emotions are classified in expression analysis
systems in the literature.

The most widely used scheme was originally proposed by Ekman [13]. He posits that there are
six ‘basic’ emotions, namely anger, disgust, fear, joy, sorrow and surprise, from which more
complex combinations can be constructed and which are easily identified (by humans) in facial
expressions.

A much more complex but arguably more accurate and precise scheme is the Facial Action Cod-
ing System (FACS), due to Ekman and Friesen [15]. It codes expressions as a combination of
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8. Left mouth corner 19. Right nostril

9. Left outer eye corner 20. Left nostril

10. Left inner eye corner 21. Right inner eyebrow
11. Right inner eye corner 22. Le%t inner eyebrow

Figure 2.11: The face model as used by Eyematic FaceTracker, consisting of 22 landmark points.

44 facial movements called Action Units (e.g. ‘raised cheeks’). Human FACS experts are able to
decompose a given expression into individual action units with very high accuracy.

Fully automatic classification at high precision by a computer according to FACS is an as-yet
unsolved problem. Hence, most systems use the basic emotion (or a similarly simple) scheme.
Because of this and in order to be able to compare results easily with previous approaches to emo-
tion classification, I decided to use the basic emotion scheme wherever fixed, specific emotion
categories were required.

2.7 Tools

2.7.1 SVM Library

As noted in the proposal, implementing an SVM algorithm from scratch is a huge task. Fortu-
nately, there are a number of good, free SVM libraries available. After some research, I decided
to use libsvm [4], which is widely used in the SVM community and of which equivalent C/C++
and Java implementations are available. It is very configurable, efficient, well documented and
up-to-date.

2.7.2 Languages

During initial consideration before writing the proposal, I was concerned that the numerical
computations (particularly large matrix operations) inherent in training an SVM or the various
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feature extraction techniques would mandate use of a compiled language like C or C++. After
some further research, I decided to use Java to implement the image-based classification appli-
cation for the following particular reasons:

1. Familiarity with the language
2. Availability of a cross platform, well documented GUI toolkit (AWT / Swing)
3. Availability of a a number of free image processing libraries & toolkits (e.g. Java2D)

4. Adequate performance with 1ibsvm for SVM training & classification of moderate size data
sets*

When I decided to attempt to implement the real time video classification application, Java was
no longer an option. This is partly due to the soft real-time constraints placed on the training
and classification performance of the SVM phase by a live video setting. More importantly, the
interface to Eyematic FaceTracker is implemented as a Windows dynamically linked library,
strongly suggesting C++ [31] as the implementation language. FaceTracker is written to in-
terface with video hardware under Windows (using Microsoft’s WDM video drivers), further
dictating the use of C++ under Windows.

I used Visual Studio .NET as the IDE and compiler to implement the video application in C++.
The Microsoft Foundation Classes (MFC) where used as the GUI toolkit. I had no prior prac-
tical experience with C++ or MFC. Because the opportunity to use FaceTracker to do video
classification arose after I started implementing the image-based application, I had to learn both
halfway through the project instead of doing so as part of the preparation stage.

There is widespread use of Matlab in the computer vision and expression analysis research com-
munities, with a plethora of reference implementations existing only in Matlab and not in any of
the more traditional languages. I decided that familiarity with writing Matlab code would be very
useful particularly in the preparation stage to evaluate and visualize different feature extraction
methods. I learned to use Matlab, which was of great help in gaining a better understanding of
the various techniques by playing around with existing algorithms and rapidly writing prototype
implementations.

2.7.3 Data Set

A large corpus of training and testing images was required as the basis for implementing and
evaluating the image-based application. I used the released portion of the Cohn-Kanade facial
expression database [19] developed at Carnegie Mellon University. It consists of over 2000 images
of around 100 people. The data is organized into image sequences of subjects expressing each
of the prototypic emotions outlined earlier, from the initial neutral frame up to the peak (or
‘target’) frame of the expression. Images are full-frontal 8-bit grayscale views of the subjects,
with dimensions 640 X 480 or 640 X 490 pixels. They were captured using a standard video
camera + recorder and timestamped. The example face images used throughout this dissertation
are drawn from this database.

4As indicated by a number of users of the Java version of 1ibsvm and evidenced by a simple program I wrote for
classifying GIF images to be ‘blue’ or ‘yellow’ according to pixel color content.
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2.7.4 Video Hardware

While developing the video application, I used a standard USB webcam to provide video at ~15
frames per second for evaluation and debugging. Once the application was done, it was tested
and evaluated using a Sony digital camcorder connected to a standard PC via IEEE Firewire. This
setup provided significantly higher framerates (around 30 frames per second) and hence allowed
FaceTracker to work more accurately.

2.7.5 Eyematic FaceTracker

FaceTracker is part of Eyematic Interfaces’ FaceStation software package, used to animate
faces of 3D characters in the modelling and animation software 3D Studio Max. It is normally
directly integrated into 3D Studio Max as a plugin, but I was supplied with a C++ DLL and header
files, allowing me to access the tracker output directly from within an arbitrary application.

FaceTracker uses a generic face template to initially locate the position of the 22 facial land-
marks described earlier in the video stream and uses a filter to track their position over sub-
sequent frames. It allows the position of the landmark points to be queried and provides an
interface to the actual video stream. Its detailed mode of operation is described in Chapter 3.



Chapter 3

Implementation

This chapter details how the concepts introduced in Chapter 2 were employed to build both the
image-based and the video-based classification applications. It is logically divided into two parts,
each dedicated to one of the two applications implemented. Because both are heavily centered
around user interaction, a high level description of each application in terms of the interface,
the actions available to the user and the typical action sequence performed by the user is given
first. Subsequently, the implementation is described at the program level. An overview of the
application architecture is given, followed by a description of the program components and the
techniques used during implementation.

3.1 Image-based Classification Application: Description

3.1 GUI

Figure 3.1 shows a screen capture of the application during a typical session. The main compo-
nents of the graphical user interface are the following:

Title Bar: Displays the name of the application.

Menu Bar: Provides standard functionality, including an option to select between different op-
erating modes' and a way to access a dialog to modify SVM parameters.

Toolbar: Provides buttons to access the main functionality of the application: definition of new
training classes, selection of an unseen example to classify, training of the SVM and classifica-
tion of the selected unseen example. It can be docked to a particular margin of the desktop or
free-floating.

Main ‘desktop’ area: Contains internal frames for:
e FEach defined training class
e The unseen example to be classified

e Landmark definition

"Included in order to make switching between different possible feature extraction methods simple.

19
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Figure 3.1: A screenshot of the image-based classification application.

e SVM parameter selection

o Classification result reporting

Status bar: Reports various information back to the user.

3.1.2 Typical Action Sequence Walkthrough

A typical sequence of actions a user would perform during interaction is given below. Several
GUI features present in Figure 3.1 are outlined along the way.

1.

User creates a new training class. Done via a toolbar button. Classes normally correspond to
a particular predefined emotion (e.g. joy) the user wishes to supply example images for, but
could in principle be arbitrarily defined (the application has no knowledge of ‘joy, but treats
each class merely as a label to be attached to the examples). She is asked for a class label and a
new internal frame bearing the class label as the title is spawned.

User adds examples to the training class. Via a file selection dialog, two images (a frame
showing a neutral expression and the target frame of the expression) forming one example
are added to the class. A variety of image formats are supported (GIF, JPEG, PNG, etc.).
Iconified versions of the images are added to the training class frame (on a red background
if landmarks have yet to be defined for the image, green otherwise), together with buttons to
load/save landmarks for each image and to remove the example from the training class.

User defines landmarks for each image. Clicking on the iconified face images opens a new
internal frame to perform landmark definition. A status bar in the new frame guides the
user through the definition process, indicating which landmark (e.g. the nose tip) to select
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Parameter

Possible Settings, Explanation ‘

SVM Type — C-SVC (Support Vector Classification, standard)
—nu-SVC (controlled by different parameter)

— one-class SVM

— epsilon-SVR (Support Vector Regression)
—nu-SVR

Kernel Type —linear: u-v

— polynomial: (yu-v -+ c)dearee

— radial basis function: exp(—y|u —v|?)

— sigmoid: tanh(yu-v+c)

Degree Value of degree in kernels above

Gamma Value of y (the variance) in kernels above

Coet0 Value of ¢ in kernels above

Nu Parameter used in nu-SVC, one-class SVM
and nu-SVR

Cache Size Size (in MB) of the 1ibsvm cache for sub-matrices
of matrix Q used in quadratic optimization

C Cost parameter used in C-SVC, epsilon-SVR
and nu-SVR (penalty of misclassification)

Eps The tolerance of the termination criterion €

Shrinking Heuristics | Whether or not to use shrinking heuristics (an
optimization reducing the size of the QP problem)

Table 3.1: The user-modifiable SVM parameters and their purpose.

next and signalling when definition is complete. The user clicks on the location in the image
corresponding to each landmark to define it. Once definition is complete, the status of the
iconified image in the training class frame is updated to reflect this (turned green). A reset
button allows the user to start over. Once definition is complete, individual landmark points
can be redefined by clicking on them and subsequently clicking on a new location.

. User saves/loads defined features. Work done during landmark definition can be exported
and later imported in the form of simple text files. This provides a convenient way to avoid
duplicate work and reuse results from previous sessions, saving time particularly for large
training sets.

. User modifies SVM parameters. These can be accessed through a dialog as shown in Fig-
ure 3.1. They influence the operation of 1ibsvm during the training and classification phases.
Table 3.1 illustrates the settings that can be modified*.

. User trains SVM instance. Done via one of the toolbar buttons. Various sanity checks on the
data are performed and the user is informed if anything (e.g. incomplete landmarks for an
example) prevents the SVM from being trained.

. User selects unseen example for classification. A new internal frame capable of holding a
single example is created. A similar landmark definition process as described above takes
place for the unseen example.

*See Chapter 4 or even [4] for a detailed explanation of each parameter.
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Application Jacha

Graphical layout of training & unseen data, interface to SVM settings, provision
of high level user tasks, data marshalling (3.2.1)

Jacha

!

Abstraction through interfaces (3.2.2)
ExampleContainer,Classifier

Organization of training Landmark definition, ~ SVM library

& unseen examples (3.2.3) Feature extraction (3.2.4) interface (3.2.6)

TrainingClassFrame, DefineFeaturesFrame SVMCore
QueryFrame

Landmark, DisplacementSet

| Data structures (3.2.5)
Example, ManualExample, LandmarkSet,

v

C@ Face Image Databas}

Figure 3.2: Jacha system architecture overview. Numbers give sections detailing each com-
ponent. Class names implementing components are given in typewriter font. Additionally,
interface names are italic.

8. User requests classification. Done via a toolbar button which becomes active only once a
trained SVM instance and a fully defined unseen example are present.

9. Result is reported. A dialog opens reporting the classification result back to the user. He
now has the option of adding the newly classified example to the training class reported as the
result.

3.2 Image-based Classification Application: Structure

The abstract architecture of Jacha3, the image-based application, is shown in Figure 3.2. Fig-
ure 3.3 gives the UML static structure diagram indicating composition and inheritance relation-
ships for the application, including the most important class fields and methods.

The following pages detail the components shown in Figure 3.2 and the classes implementing
them. To preserve readability, I have confined descriptions of the functionality of the methods
and fields of each class to Appendix C.

3.2.1  Graphical Layout and High Level Tasks

At what is conceptually the ‘top level” of the application, the following tasks are provided to the
user:

e Definition of emotion classes to group training examples into

3Costa Rican slang meaning ‘face’.
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]
Jacha SVMCore
Classifier
-svm : SVMCore -vx @ Vector
-mb : IMenuBar -vy : Vector
-tb : JToolBar +addExample(in label : int, in data : double[]) -max_index : int
-desktop : JDesktopPane +clear() -trained : bool
-status : JLabel +train() -param : svm_parameter
-iFrames : Vector +predict(in newData : doublef]) : double -prob : svm_problem
-tcFrames : Vector AN -model : svm_model
-dfFrames : Vector -trair int
-qf : QueryFrame Is part of o -svm_type : int
-newTrainingClass : NewTrainingClassAction -kernel_type : int
-defQueryEx : DefineQueryExampleAction -Has -degree : double
-train : TrainAction -gamma : double
-classify : ClassifyAction -coefO : double
-svmSettings : SVMSettingsFrame 1 -cache_size : double
+addFrame(in f : JinternalFrame) -eps : double
+removeFrame(in f : JinternalFrame) -C : double
-nr_weight : int
J -weight_label : int[]
1 -Hasl | -Has -weight : doublef]
-Is part of - -nu : double
ExampleContainer -p : double
-shrinking : int
0.x +addExample(in label : int, in data : double[])
+getExamples() : Vector +clear()
+getLabel() : int +train()
[+getName() : String +predict(in newData : double[]) : double
+trainAndPredict(in newData : double[]) : double
]
QueryFrame TrainingClassFrame
-targetClassName : String -className : String
-targetClassLabel : int _classLabel : int
-Is part of DefineFeaturesFrame -status : JLabel -status : JLabel
L_|-currentExample : ManualExample -main : JPanel -main : JPanel
-imagePanel : CanvasPanel -scroll : JScrollPane _scroll : JScrollPane
0.*  |-scroll : IScroliPane -addEx : AddExampleAction ) -addEx : AddExampleAction
-selectionStatus : JLabel -defir : Defir on -defineFeatures : DefineFeaturesAction
-reset : JButton -removeEx : RemoveExampleAction -removeEx : RemoveExampleAction
-currentFacelmage : Bufferedimage -addToCandClass : AddToCandidateClassAction -examples : Vector
-features : LandmarkSet -unseenExample : Example -exampleComponents : Vector
-exampleComponent : Container -imageChooser : JFileChooser
-imageChooser : JFileChooser -featureChooser : JFileChooser
¢ -featureChooser : JFileChooser -loadFeatures : LoadFeaturesAction
-loadFeatures : LoadFeaturesAction -saveFeatures : SaveFeaturesAction
1 ~Has -saveFeatures : SaveFeaturesAction
+updateStatus(in ex : Example)
+updateStatus(in ex : Example) +addNewlyClassified(in ex : Example)
+getExamples() : Vector +getExamples() : Vector
+getLabel() : int +getLabel() : int
+getName() : String +getName() : String
1 -Has
-Is part off 0.* 1 -Has
Example
0.1 -Is part of
+getFeatures() : double[]
roetbabel) ; int DisplacementSet
ManualExample -Ispartof  [-euclidDisplacements : Hashtable
-neutralFrame : Image -XDi ents - Hashtable
-peakFrame : Image N -yDisplacements : Hashtable
-neutralLandmarks : LandmarkSet +addDisplacement(in landmarkld : int, in val : double)
-peakLandmarks : LandmarkSet +addXDisplacement(in landmarkid : int, in val : double)
-displacements : DisplacementSet -Has +addYDisplacement(in landmarkld : int, in val : double)
-label : int +getDisplacement(in featld : int) : double
[+getFeatures() - double[] +geKXD!splacemenl(?n featld : ?m) : double
+getLabel() : int 1 +getYDisplacement(in featld : int) : double
+getAllDisplacements() : double[]
+getAllXDisplacements() : double[]
1 -Has +getAllYDisplacements() : double[]
-Is part of LandmarkSet 2
L-landmarks : Vector
1 +addLandmark(in nngaqdmark : Landmark) : bool -Is part of -Is part of
+removeLandmark(in id : int) : bool Landmark
+getLandmark(mvld : |nt.) : Fandmark. ) ) <Coord - int
+setCoordinates(in id : int, in newX : int, in newY : int) : bool 0.* -yCoord : int
+getld(in queryX : int, in queryY :int) : int -\andmar‘kld sint
+getPresentlds() : int[] -

+getDescription() : String

1 -Has

Figure 3.3: UML static structure diagram for the image-based classification application.
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e Selection of an unseen example to classify

e Adjustment of SVM settings (as shown in Table 3.1)
e Training of an SVM instance

e C(lassification of an unseen example

In the main program class Jacha, each of these tasks is presented as a GUI action and imple-
mented using Java Actions (via inner classes). These provide a clean way to encapsulate func-
tionality triggered by GUI events and allow GUI elements to be easily created from them.

The graphical user interface makes use of Java Swing’s [24] internal frames to display and or-
ganize information. They provide a convenient way to encapsulate data in each training class
and handle layout of large training sets visually while allowing layout customizability by the user.
Class Jacha controls the spawning and deletion of the various internal frames used for repre-
senting training classes, during landmark definition, etc. It also acts as a single point of reference
for the individual internal frames and the SVM classifier, marshalling communication and data
exchange among them.

3.2.2 Abstraction through Interfaces

Looking ahead at the possibility of using different feature extraction methods, I aimed to describe
the interface between the training data and the application in terms of abstract classes or Java
interfaces. Concrete instances of these can thus implement different feature extraction methods
to obtain numerical data from images (e.g. displacements, Gabor filtering, etc.) and be easily
swapped in. The same principle should hold for the interface between the particular classifier
used and the application.

ExampleContainer is an interface specifying the operations any class containing exam-
ples should provide. This allows for a variety of concrete implementations. Both
TrainingClassFrame and QueryFrame implement this interface. A scheme whereby
a large training class could be exported/imported to/from disk as a concrete class
SerializedExampleContainer and used in conjunction with TrainingClassFrames de-
fined within the application could be imagined.

Similarly, the interface Classifier specifies the operations any machine learning classifier used
by the application has to support. It ensures that different SVM implementations as well as non-
SVM approaches to classification (e.g. a neural network) can easily be swapped in.

3.2.3 Organization of Training and Unseen Examples

Training examples belonging to the same user-defined emotion class (created via one of the top
level actions in the application) are grouped inside an internal frame as depicted in Figure 3.4.
The single unseen example to be classified at any time is contained in a similar internal frame.

The class TrainingClassFrame implements grouping of training examples. It does so both
in terms of containing the actual objects representing examples as well as visually within the
application by acting as an internal frame. As seen in Figure 3.4, it provides functionality for
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Figure 3.4: Training examples of the same emotion class grouped inside an internal frame.

adding/removing examples, for importing/exporting defined features and for accessing the fea-
ture definition parts of the application.

The class QueryFrame is very similar in structure to TrainingClassFrame, with the obvious
proviso that it can only contain the single example to be classified.

Both classes interact with the application through an additional layer of abstraction as outlined
above, by implementing the interface ExampleContainer.

3.2.4 Feature Extraction and Landmark Definition

As outlined in Section 2.5.3, the features extracted from each example are the displacements of
facial landmarks between a neutral and a peak expressive frame. The user defines landmarks for
each image in an internal frame as shown in Figure 3.5.

An instance of the class Def ineFeaturesFrame is created for each landmark definition process,
spawning a new internal frame.

The class implements a simple state machine guiding the user through the manual definition
of facial landmarks on top of a series of 22 facial points. Errors made during definition can be
corrected by redefining individual landmarks.

Upon creation, each DefineFeaturesFrame is given the ManualExample object landmarks
are being defined for. It generates a LandmarkSet for either the neutral or the peak frame of the
example, which is subsequently stored in the ManualExample object.

3.2.5 Data Structures

Figure 3.6 illustrates the interaction of the data structures used during extraction of numerical
data from images in order to supply it to the SVM for training or classification.
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Figure 3.5: A typical landmark definition frame.

Acting as a layer of abstraction to the examples used as training or unseen data, the interface
Example specifies the two operations any concrete instance implementing it must support.
getFeatures () should return a double[] of values constituting the actual numerical exam-
ple (vector X; in the SVM equations in Section 2.4). getLabel () should return the numerical
label of the class the example belongs to (y; in the SVM equations). Just how numerical data is
extracted from an example is determined by the particular instance implementing the interface.

A concrete instance of Example, class ManualExample represents examples with features cre-
ated by manual landmark definition. It encapsulates the neutral and peak frame images of the
example, the landmarks defined for each image as well as the displacements between the land-
marks which constitute the features extracted from the example.

The class LandmarkSet holds Landmark objects and maps between landmark ids and the (X,Y)
pixel coordinates of each landmark. Each Landmark object in turn contains the (X,Y) pixel co-
ordinates and the unique id (given by the face model of 22 points) for a particular landmark, as
well as a textual description (e.g. ‘nose root’).

Finally, the class DisplacementSet implements a simple data structure to hold the displace-
ments of each landmark (along the x and y axes as well as in terms of Euclidean distance). It
is from DisplacementSet that numerical data is extracted when calling getFeatures() ona
ManualExample object.

3.2.6 SVM Library Interface

While 1ibsvm was originally written in C++ and has since been ported to Java, neither of these
versions of the library are particularly object-oriented. 1ibsvm is often used together with aux-
iliary C programs provided by the authors for command-line training and classification of large
numerical data sets contained in text files, such as medical measurements (e.g. heart-rate). There
is essentially no state kept with the library and the entire interface to the library’s training and
classification functionality is given by the following methods:
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Figure 3.6: The data structures used in the image-based application.

svm_model svm_train(svm_problem prob, svm_parameter param)

double svm_predict(svm_model model, svm_nodel[] x)

void svm_save_model(String model_file_name, svm_model model) throws I0Exception
svm_model svm_load_model(String model_file_name) throws IOException

String svm_check_parameter (svm_problem prob, svm_parameter param)

The class SVMCore was written to encapsulate the library’s functionality and provide a clean,
object-oriented interface to the SVM. The motivation for doing so was twofold:

1. The emotion classification application should not rely on a particular SVM library. There
is no need for the application to know the details of 1ibsvm’s internal data formats (e.g.
svm_problem, svm model, svm parameter above)and it should be possible to substitute
1libsvm by a different SVM library with relative ease.

2. It should be possible to keep training data and parameters with the SVM instance. Using the
functionality provided by 1ibsvm, it is only possible to export the model of the trained SVM
(via svm_model) to disk and subsequently use it as-is, but it is not possible to augment this
model by new training examples. This, however, is very useful if the user wishes to simply load
an SVM instance already trained for emotion recognition of the basic emotions and augment
it herself with new training examples to work for more complex emotion classes. Implement-
ing a wrapper class allows the entire state of the classifier, including training data and SVM
algorithm parameters, to be exported for later use by virtue of object serialization*.

4This became particularly useful in the video application in order to perform person-independent classification.
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SVMCore implements the Classifier interface, which specifies the operations any classifier
used by the application should support. Training examples are first added to SVMCore and later
converted to an svm_problem object for use by 1ibsvm when training is requested. Similarly,
SVMCore has fields for the individual parameters affecting SVM operation (such as the ker-
nel type) and provides methods to modify them. An suitable svm_param object for 1ibsvm
is created upon training. The svm model returned by 1ibsvm after training is kept within
SVMCore and used for subsequent classification. Unseen examples are converted to the appro-
priate svm_node [] before classification. Finally, SVMCore checks the parameters to the SVM
before every training run, reporting any inconsistencies.

3.3 From Images to Live Video

Once the basic image-based application was implemented and the fundamental aims outlined in
the proposal were met, I intended to continue work by integrating a more automated feature ex-
traction method into the application, thus minimizing the amount of user interaction necessary
to prepare training data. The Gabor filter approach outlined in Section 2.5.1 seemed particularly
promising. I wrote a class implementing a Gabor filter bank and tested it by convolving some
face images (using the ConvolveOp class provided by Java2D) in a simple test program.

However, after noticing that both training the SVM and subsequent classification in the image
classification application took very little time even for large training sets, my supervisor suggested
the possibility of combining a similar SVM approach with Eyematic FaceTracker and investi-
gating classification for real time video. I hence changed project emphasis and concentrated my
efforts on implementing SVMTrack, which is described next.

3.4 Video-based Classification Application: Description

3.4.1 GUI
Figure 3.7 shows a screen capture of the application during typical operation. The following main
components are visible:

Title Bar: Displays the name of the application and gives the name of any trained SVM repre-
sentation (imported from a file) that is being used.

Menu Bar: Provides standard Windows functionality, a menu to switch between different track-
ing modes and a menu to access a dialog for modifying SVM settings. Also allows the SVM to
be cleared of any training data.

Toolbar: The buttons present are used for (left-to-right):
e Importing/Exporting SVM state from/to disk

e Accessing the three tracking modes (‘play’ = video output only, ‘record’ = track features,
‘stop’ = tracking off)

e Capturing a neutral expression

o Capturing training examples for each basic emotion
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Figure 3.7: A screenshot of the SVMTrack, the video-based classification application.

e Requesting classification of the current frame (‘snapshot’ classification)
e Toggling continuous classification (on every frame)

e Printing the current display panel contents

e Accessing help

Main Display Panel: Video output is displayed here. Landmarks tracked by FaceTracker are
superimposed on the video stream, as is the last classification result.

Status Bar: Reports various information back to the user.

3.4.2 Typical Action Sequence Walkthrough

The video-based application relies even more on user interaction, with the user now not only
selecting the training data, but actually creating it by virtue of capturing his/her own facial ex-
pressions from video. Below is a typical sequence of actions a user would perform during a
session, starting with an untrained SVM.

1. User places tracker into ‘play’ mode. This causes video to be output in the display panel
without landmarks being tracked. Serves to adjust position and framing of the face in the
video (should have a full frontal view of the entire face for the tracker to work optimally).

2. User places tracker into ‘record’ mode. As soon as FaceTracker has localized the 22 land-
marks of the face model in the video stream, these are tracked across subsequent frames and
drawn on top of the video output in the display panel.

3. A neutral expression is captured. This can be done either manually via a toolbar button or
automatically when landmark motion is below a certain threshold over a number of frames
(i.e. the user is expressing a still neutral expression over a few seconds).
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SVMTrack
MEFC Document / View (3.5.1)
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Figure 3.8: SVMTrack system architecture overview. Numbers give sections detailing each com-
ponent.

4. User expresses an emotion and requests creation of a training example at the peak frame.
This is done via one of the toolbar buttons corresponding to each basic emotion. Each time
an example is added, the SVM is re-trained.

5. An unseen emotion expressed by the user is classified. This can be done either upon request
(‘snapshot’ classification) via a toolbar button or for every new frame if continuous classifica-
tion mode is active.

6. User exports trained SVM to disk. It can then be imported in subsequent sessions and the
user can proceed straight to the classification phase.

3.5 Video-based Classification Application: Structure

Figure 3.8 shows the abstract architecture of SVMTrack, the video-based application. The UML
static structure diagram for some of SVMTrack’s most important program components is shown
in Figure 3.9. The remainder of this chapter details the main components shown in Figure 3.8
and the approaches taken to implement each.

3.5.1 MFC Document/View Model

As a single-windowed MFC application, SVMTrack is implemented in terms of the Docu-
ment/View model suggested for Windows applications. This essentially calls for all data pro-
cessing and event handling to be done within a single document class of the application which
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maintains all state, while one or more view classes are responsible only for presenting the infor-
mation provided by the document visually within a GUL

Implementing the application in accordance with the Document/View model proved to be very
helpful, allowing me to easily make use of much functionality offered by MS Visual Studio and
MEFC such as serialization, event handling, etc. that relies on the application being present in a
Document/View structure. The Document/View development process is also extensively docu-
mented, making it simple to refer back to the development guidelines when in doubt.

3.5.2 Interface with FaceTracker

FaceTracker is accessed through an SDK that Eyematic call a Core Technology Interface
(CTTI), which is similar in behaviour to Microsoft’s COM framework, but is intended to be
more lightweight and cross-platform. CTI provides one main template class (ict_SmartPtr)
from which all objects encapsulating FaceTracker’s functionality are spawned. To do so, an
ict_SmartPtr class is first specialized to the interface of the object we wish to create by defining
its template parameter. Subsequently, an object of the desired class is created from the spe-
cialized pointer by calling the createObject method with the class id (defined by CTI) of
the desired class. It is also possible to request a different interface to an already existing ob-
ject. For example, an object representing the real time tracker can be accessed through the
ivs_IVideoStreamCtrl interface to control attached video devices, access the frame content,
and so forth. The following code illustrates creation of objects representing the real time tracker
and the video stream:

ict_SmartPtr<itr_IRealtimeTracker> trackerPtr;
ict_errorCode ec = trackerPtr.createObject(itr_RealtimeTracker_ID);
if (ec == ict_0K) {

// trackerPtr now points to a real time tracker object

}

ict_SmartPtr<ivs_IVideoStreamCtrl> vidStreamPtr;
vidStreamPtr.getInterfaceFrom(trackerPtr);
// vidStreamPtr now points to a video stream object

The CTI provides a variety of other interfaces to access FaceTracker functionality, for example
the capability to track landmarks offline in an AVT file or to customize the real time tracker via
configuration files. I particularly used ish_ISerializable to load definition files representing
the 22-point face model and ish_IBitmap to access the raw bitmap of every video frame and
hence output the video stream in the display panel.

Once a tracker object is instantiated and initialized, it will generate a number of events whenever
a new video frame is present, new landmark positions are available, etc. To handle these events,
an object of class xbs_Observer must be created and registered with the tracker. It provides
methods such as onInit, onFrame, etc. that act as event handlers and can also handle remote
network access to the tracker output. In SVMTrack, the observer is part of the document and is
responsible for updating the document’s data structures holding frame bitmap data or landmark
positions as new information is made available by the tracker. Furthermore, it triggers view
updates so that updated frame data and landmark positions are displayed in the panel as they
become available.
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Figure 3.10: Feature extraction in video. The landmark displacements between a neutral and a
peak frame of an expression constitute the data extracted.

3.5.3 Feature Extraction

SVMTrack uses landmark displacements as the features used to construct SVM training exam-
ples. To do so, it is necessary to capture landmark positions for frames corresponding to a neutral
and a peak expression, as illustrated in Figure 3.10. It is assumed that whenever the user selects
one of the basic emotion training buttons, he will be at the peak frame of the expression. Cap-
turing a neutral expression is more subtle. The user is able to explicitly specify capture through
one of the toolbar buttons, but this is rather inelegant (requiring two captures for every training
example created).

I hence implemented a scheme whereby neutral landmark positions are automatically captured
whenever landmark motion over the last n frames is below a certain experimentally determined
threshold (i.e. the user has remained still for some time, presumably with a neutral face expres-
sion). This is done by keeping a small history of landmark positions over the last couple of
frames in a FIFO buffer. Whenever a new set of landmark positions is made available by the
tracker, it is added to the buffer (with the oldest set of positions being removed). The amount of
motion between consecutive sets of landmark positions in the history is then calculated. If over-
all motion is below the threshold, the latest set of landmark positions is stored in the document
as representing the last neutral expression. Landmark displacements between it and subsequent
expressive frames can then be extracted.

Head motion is a significant problem when using landmark displacements. We often inadver-
tently move our head during facial expression (e.g. tilting our head up while expressing surprise).
This obviously introduces noise into the landmark displacements by augmenting them with mo-
tion not actually corresponding to facial movement.

To deal with head motion, SVMTrack normalizes all landmark displacements with respect to a
singe fiducial landmark that approximates head motion well. I used the nose root, since it is not
affected by any major facial muscles. Motion of the nose root in the video should thus exclusively
be due to head motion.
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3.5.4 Adapting SVMCore

I used the C++ version of 1ibsvm within SVMTrack. Just like in the image-based application,
there should be a clean object oriented interface to the library. I hence rewrote the class SVMCore
in C++ and used it for all training & classification in the video-based application. The operations
it supports are identical to the Java version. The actual implementation of the C++ version
of SVMCore was made rather more tricky due to the explicit memory allocation/deallocation
necessary in C++ as well as the fact that interaction with the C++ version of 1ibsvm relies heavily
on pointer-based data structures. This held true especially when implementing serialization of
SVMCore (see below).

3.5.5 Training and Classification

The features (displacements) extracted from the video stream together with the label of the basic
emotion associated with the button selected by the user during capture constitute one training
example. Examples are added to the set of training data kept in SVMCore. The SVM is trained
each time a new example is created. This ‘incremental training’ allows the SVM to be used
for classification as soon as even one example is available, eliminating the need for an explicit
training action after the examples have been created.

There are two ways of classifying unseen expressions. The user can request ‘snapshot’ classifica-
tion manually as soon as a trained SVM is available. At that point, displacements are extracted
relative to the last neutral expression as before and used as the unseen example to be classified.
Again, this is rather inelegant, not really corresponding to the continuous, real-time nature of
the input video stream. I hence tried to find a way of triggering classification automatically at
the appropriate moment in the expression.

Facial motion leading to a particular target basic expression can be described in terms of three
phases. Initially, the landmarks are static, corresponding to the neutral expression. This is fol-
lowed by a period of high landmark motion, while the facial features (eyebrows, lips, etc.) move
towards their rough destination locations. Finally, there is a ‘homing-in’ stage where small,
person-specific adjustments to the landmark positions are made. Landmark motion is signif-
icantly less intense during this stage. Triggering classification during this stage should enable
landmark displacement to be extracted accurately enough for the classifier to distinguish be-
tween each emotion’s characteristic displacement pattern. I extended the idea used to automati-
cally capture the neutral expression at appropriate points in time to work similarly for triggering
classification. Conceptually, it works as outlined in Pseudocode 1.

I found this to be a bit fragile, especially since the thresholds in the method (e.g. how do you
quantify “minimal landmark motion”) had to be determined by trial-and-error. I decided to
attempt the simplest approach of just triggering classification for every frame when in continuous
mode and found that classification overhead was so small that this was very feasible, even for
video at 30 frames per second. This is due to the fact that most overhead lies in training the SVM,
while classification basically reduces to a simple evaluation of the decision function (as outlined
in Section 2.4). The slight drawback of this approach is that misclassifications occur for frames
where the expression is either close to neutral or moving towards a peak expression for some
emotion but not yet pronounced enough to be clearly distinguished from other expressions.
This causes the classification result to “jitter” between the various basic emotions. It can be
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Pseudocode 1: Neutral expression capture and triggering classification
{Counters used to forcibly insert delays between repeated capture of neutral expression(k) / trig-
gering of classification (j)}
Initialize counter K := history_size
Initialize counter j := higory_size
for (every new set of landmark positions produced by tracker) do
Update landmark position history with new data

if K > O then
ki=k—1

end if

if j > O then
ji=j-1

end if

if (there is minimal landmark motion across entire history AND k = 0) then
Capture neutral expression
Reset k:= history_size
else if (history indicates landmark motion across consecutive frames was high and is now
decreasing AND current landmark positions are far enough from neutral to be an emotive
expression AND j = 0) then
Trigger classification
Reset | := history_size
else
Do nothing for this iteration
end if
end for

remedied somewhat by explicitly including ‘neutral’ among the classes trained for. Any frame
whose expression is still closer to neutral than the peak of any basic expression will then be
classified as neutral.

The resulting basic emotion of the last classification is reported back to the user superimposed
on top of the video stream.

3.5.6 Serialization of SVM State

In order for someone to just be able to use the video-based application to classify his or her
expressions without having to go through any lengthy training stage, it should be possible to
import a fully trained SVM from a previous session and proceed straight to the classification
phase. This also makes handling person-independent classification significantly easier by using
training examples created by a certain user to classify the emotions of someone else. To evaluate
SVMTrack, I wanted to particularly find out how well it performed for the person-independent
case.

Because all state of the SVM classifier, including parameters and the training data, is encapsu-
lated within SVMCore, serializing an SVMCore object was the most straightforward approach to
exporting SVM state to disk. To be able to serialize objects of a particular class in MFC, the class
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needs to implement the Serialize method, which operates on a CArchive object provided
by MFC. CArchive can then be treated conceptually as a stream of bytes which is written to or
read from (using overloaded operators << and >>). All marshalling from program data struc-
tures to a sequence of bytes and back needs to be done explicitly by the programmer. Serializing
SVMCore thus required an ordered traversal of all its fields and internal data structures, many of
which make heavy use of pointers. Explicit delimiters (e.g. indicating the size of an array) had
to be put into the byte stream for later reconstruction of data. To import a serialized SVMCore
representation, a new SVMCore object is instantiated and its internal data is then reconstructed
from the byte stream, with the appropriate amounts of memory being allocated on the heap. It
can then be used for classification or augmented by further training examples.

The Document/View structure of SVMTrack then allowed me to use standard Windows file
open/close dialogs to import/export SVM state. The *.svt files generated by SVMTrack can
be assigned custom icons and are automatically associated with SVMTrack, launching the appli-
cation when they are double-clicked.

3.5.7 Displaying Video and Landmarks

Each time a new video frame is present, the observer object registered with the tracker causes the
view to be updated. In order to output the video in the display panel, the view’s OnDraw method
was overridden to do the following:

1. Access the raw packed bitmap (array of pixel intensity values) of the current frame (via a
pointer stored in the document) and convert it to an MFC CBitmap object.

2. Use BitBLT to efficiently copy the bitmap directly to display memory.

3. If the tracker is in ‘record’ mode (i.e. actively tracking landmarks), step through the latest set
of landmarks and draw them on top of the bitmap in the correct locations.

4. If classification was requested before, draw the name of the target basic emotion on top of the
bitmap.

All GUI drawing in MFC is done through a device context object (of class CDC), which provides
all necessary methods. The standard device context class does not support double buffering and,
while suitable for most drawing, does not handle video at 30 frames per second well. The initial
video output was rather choppy and showed lots of flicker. A derived device context class was
thus used within SVMTrack. It inherits the usual functionality from the standard class CDC, but
implements double buffering internally using two bitmaps, redirecting all drawing to an off-
screen bitmap which is then instantaneously swapped on-screen, resulting in no flicker.



Chapter 4

Evaluation

One of the prime motivations behind implementing the two applications described in Chapter 3
was to evaluate SVMs in the context of facial expression recognition and emotion classification.
As such, this chapter addresses the following questions:

e What are the issues involved in using landmark displacements as data for training & classifi-
cation?

o What general recognition accuracy can be achieved using the SVM / landmark displacement
approach? How does it vary for each basic emotion? How is it affected by adjusting SVM pa-
rameters, particularly kernel functions? How does it compare to previous approaches quoted
in the literature?

e What is the computational overhead of training an SVM classifier on a typical set of facial
expression examples? What is the overhead of subsequently classifying unseen examples? Is
real time performance achievable?

e What recognition accuracy can be achieved for video-based classification? How does it vary
between person-dependent and person-independent classification?

In addition, the software testing performed on the applications implemented while establishing
answers to the above questions is outlined.

4.1 Evaluation Methodology

I initially evaluated the landmark displacement / SVM approach to emotion classification us-
ing images instead of directly from video in order to establish classification accuracy bounds
as exactly as possible. Subsequent trials with the video application showed that the accuracy
achieved for still images with manually defined landmarks transfers fairly well to video, but gen-
erally serves as an upper bound to what is achievable. This should not be surprising, due to the
presence of many factors in a video environment that can adversely affect classification accuracy,
such as head motion, different lighting conditions, distance to the camera, and so forth.

I used the CMU face database described in Section 2.7.3 to evaluate classification accuracy. Using
these images recorded under carefully specified conditions allowed me to establish reproducible

37
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Figure 4.1: Six typical example images in the evaluation set expressing anger, disgust, fear, joy,
sorrow and surprise.

results while still providing sufficiently varied data to minimize the dependence of accuracy re-
sults on gender, ethnicity or ‘expressive enthusiasm’ of particular subjects. A set of 20 training
examples for each of the basic emotions was drawn from the face database and subsets used as
training data for runs of varying size. Each example was taken from a different person. A num-
ber of unseen examples to be classified were drawn from the same database. As with all machine
learning evaluation, training and test data were kept separate throughout. Figure 4.1 shows six
typical face images in the training set, each corresponding to a different basic emotion.

Table 4.1 gives the mean and standard deviation for the landmark displacements of each basic
emotion as extracted from the training data used for evaluation. Figure 4.2 summarizes visually.
This information, particularly the large standard deviation associated with each displacement,
shows how widely the expression of each emotion varies from person to person. An expression
with fairly low total landmark motion (e.g. disgust) expressed by someone with a tendency for
enthusiastic facial movement is thus very easily confused with an expression of higher total mo-
tion (e.g. fear) in a less enthusiastic individual. However, Table 4.1 and Figure 4.2 also expose that
there are certain motion properties of expressions that are more or less universal across individ-
uals. For instance, note the large displacements of the mouth corners (corresponding to a smile)
for expressions of joy or the very large displacement of the lower lip center (corresponding to an
open mouth) for surprise.

4.2 Classification Accuracy

The properties of the evaluation data given above already hint that certain combinations of emo-
tions (e.g. disgust vs. surprise) may be distinguishable with higher confidence than others (e.g.
anger vs. fear). My measurements of classification accuracy confirmed this.

To evaluate classification accuracy, I trained a series of binary (two-class) SVMs for every possible
pairing of the basic emotions. Since multi-class classification is essentially implemented using a
cascade of binary SVMs and a voting scheme, results gathered for binary classification also give
insight into the classification accuracy for multi-class classification but can be interpreted more
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Emotion

Landmark Anger | Disgust |  Fear | Joy | Sorrow [ Surprise
R. pupil 6.98/5.00 3.69/2.62 4.50/2.90 2.69/2.09 2.59/1.60 9.82/5.54
L. pupil 6.23/4.29 3.72/2.87 4.57/3.73 3.09/2.39 3.74/1.78 10.14/5.32
R. inner eyebrow 12.40/6.85 9.67/4.80 11.21/5.56 3.93/2.15 7.09/6.21 24.89/10.45
L. inner eyebrow 13.76/6.89 9.58/5.25 10.86/5.10 3.48/2.61 6.02/4.71 25.23/10.87
Nose root 7.78/5.42 5.74/5.39 6.84/4.52 4.21/2.59 4.18/1.87 13.94/7.21
Nose tip 8.7717.09 4.99/3.64 5.90/5.03 3.16/1.94 3.79/2.88 12.92/7.74
Upper lip center 7.58/6.41 8.68/4.18 6.69/4.78 8.95/3.35 5.05/3.57 11.19/7.74
Lower lip center 9.07/5.94 9.25/4.22 8.16/3.90 7.88/3.53 7.33/4.90 52.90/14.81
R. mouth corner 7.75/4.21 8.89/3.39 11.33/5.44 | 22.16/3.20 | 12.94/4.04 | 21.29/15.71
L. mouth corner 8.45/4.93 8.29/2.59 11.39/4.48 | 22.22/3.54 | 12.61/3.68 | 18.91/14.83
L. outer eye corner 6.38/4.26 5.91/2.88 5.93/3.72 4.15/2.20 3.72/2.12 11.64/5.77
L. inner eye corner 6.98/4.82 4.03/2.55 5.74/4.16 3.49/1.74 3.27/2.10 11.06/5.85
R. inner eye corner 6.90/5.93 3.95/2.70 5.07/3.82 3.33/1.77 3.75/2.04 10.55/5.21
R. outer eye corner | 8.14/5.06 4.30/2.85 5.55/3.89 3.77/2.61 3.77/2.36 10.84/4.87
R. upper lip 7.47/6.21 9.57/4.19 9.22/4.79 13.39/3.75 5.61/2.31 9.75/7.38
L. upper lip 8.37/6.37 10.04/3.55 8.64/4.84 11.67/3.97 4.90/3.53 11.15/6.57
R. lower lip 8.64/4.97 8.95/3.13 10.27/2.69 | 11.08/3.34 5.62/4.26 36.57/11.69
L. lower lip 10.02/5.25 9.27/4.54 10.02/4.48 9.40/4.09 7.07/4.22 38.80/12.99
R. eyebrow center 13.07/5.52 8.96/4.39 8.81/4.85 4.36/1.96 5.67/4.77 25.12/10.83
L. eyebrow center 13.62/6.56 9.43/5.12 10.04/4.45 3.96/1.64 6.16/3.95 24.82/10.14
R. nostril 8.12/5.86 6.60/3.04 6.08/4.84 4.34/2.34 3.72/2.02 11.08/7.26
L. nostril 7.62/6.25 7.15/3.04 6.47/5.13 4.24/2.44 4.02/2.05 11.06/7.33
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Table 4.1: The mean (i) / standard deviation (o) (in pixels) for the characteristic displacements
of the 22 facial landmarks for each basic emotion.
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Figure 4.2: Graphs of the mean (dots) and standard deviation (bars surrounding mean) for the

characteristic displacements of the 22 facial landmarks for each basic emotion.
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intuitively. Because I wanted to establish a baseline measure of accuracy, I chose the simplest
possible SVM formulation consisting of the standard C-SVC algorithm (with C, the penalty of
a misclassified example, set to its maximum value) together with a linear kernel. In order to see
how accuracy varies with the amount of training data given, I evaluated for training sets of size
1, 4, 7 and 10. Defining sets of these sizes is within the amount of effort that could reasonably
expected from a user during a typical application session. Table 4.2 shows the results.

Several conclusions can be drawn from these results:
1. Some combinations of emotions are indeed harder to distinguish than others.

2. While bigger training sets do result in better accuracy generally, adding more training data
does not necessarily always increase accuracy (for instance, note the drop in accuracy for ‘fear’
from 78.3% to 76.2% between the second and third trial).

3. Indeed, increasing training set size beyond a certain point may even bring down total accuracy.
Smaller sets with “high quality” examples (i.e. very pronounced and distinct expressions for
each emotion) are often better than very large sets of lesser “quality”.

4. The SVM classifier quickly reaches a mean total accuracy of around 86% as training set size
grows. Once this value is reached, increasing training set size further has only minor effect on
the accuracy. This is in accordance with the widely stated SVM property of performing well
even when only little training data is available.

I found the C-SVC algorithm to consistently outperform the nu-SVC formulation for various
values of v and C. The parameter v to the nu-SVC algorithm controls the number of support
vectors, while the parameter C to the C-SVC algorithm gives the penalty of misclassifying an
example. The latter is a more natural way to describe many problems. While Chang & Lin [5]
posit that the two algorithms are essentially different problems with the same solution set, C-
SVC has been used much more widely, in part because efficient methods of solving large scale
nu-SVC problems are not yet known.

4.3 Choice of Kernel

As stated in Section 2.4, the selection of an appropriate kernel function is the most important
choice to be made when customizing an SVM classifier to a particular application domain. Fig-
ure 4.3 shows Matlab plots illustrating pictorially how some of the more common kernel choices
affect the decision boundary for a 2D problem that is not linearly separable.

To evaluate the effect of different kernels on classification accuracy, the C-SVC algorithm was
used on a training set of 7 examples per basic emotion. I considered linear, polynomial, radial
basis function and sigmoid kernels. Table 4.3 shows the results, per kernel, in terms of accuracy
for each basic emotion and overall accuracy. Whenever I could customize a particular kernel
(e.g. changing the degree of the polynomial kernel or the width of the radial basis function), I
chose the most basic, default setting for each parameter.

Surprisingly, the linear kernel performed best during these measurements. The sigmoid kernel
showed poor performance for all scales and offsets I tried. It has not gained widespread use in
other classification systems. The performance of both the polynomial and the RBF kernels is very
close to that of the linear kernel, even for the default degree and width parameters. This, together
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‘ n=1 || Anger | Disgust | Fear | Joy | Sorrow | Surprise || Overall |
Anger — 61.5% 47.8% | 85.1% 68.2% 93.6% 71.2%
Disgust 61.5% — 58.0% | 92.2% | 68.8% 94.1% 75.0%
Fear 47.8% 58.0% — 57.8% 52.4% 91.1% 61.4%
Joy 85.1% 92.2% 57.8% — 88.4% 93.5% 83.6%
Sorrow 68.2% 68.8% 52.4% | 88.4% — 93.0% 74.1%
Surprise || 93.6% 94.1% 91.1% | 93.5% 93.0% — 93.1%

Total accuracy: 76.4%

| n=4 || Anger | Disgust | Fear | Joy | Sorrow | Surprise H Overall |
Anger — 56.5% 55.0% 97.6% 81.6% 97.6% 77.2%
Disgust 56.5% — 65.9% | 95.6% 88.1% 100.0% 81.1%
Fear 55.0% 65.9% — 94.9% 77.8% 100.0% 78.3%
Joy 97.6% 95.6% 94.9% — 89.2% 97.5% 95.0%
Sorrow 81.6% 88.1% 77.8% 89.2% — 100.0% 87.4%
Surprise || 97.6% | 100.0% | 100.0% | 97.5% | 100.0% — 99.0%

Total accuracy: 86.2%

| n=7 H Anger | Disgust | Fear | Joy | Sorrow ‘ Surprise || Overall |
Anger — 65.0% 50.0% | 100.0% 81.3% 97.1% 78.4%
Disgust 65.0% — 76.3% 94.9% 83.3% 100.0% 83.9%
Fear 50.0% 76.3% — 87.9% 66.7% 100.0% 76.2%
Joy 100.0% 94.9% 87.9% — 96.8% 97.1% 95.3%
Sorrow 81.3% 83.3% 66.7% 96.8% — 100.0% 85.6%
Surprise 97.1% 100.0% | 100.0% 97.1% 100.0% — 98.8%

Total accuracy: 86.3%

| n=10 [ Anger | Disgust [ Fear | Joy | Sorrow | Surprise || Overall |
Anger — 70.6% 53.6% | 100.0% 88.5% 100.0% 82.2%
Disgust 70.6% — 71.9% 97.0% 83.3% 100.0% 84.6%
Fear 53.6% 71.9% — 741% 58.3% 100.0% 71.7%
Joy 100.0% 97.0% 74.1% — 96.0% 96.4% 93.0%
Sorrow 88.5% 83.3% 58.3% 96.0% — 100.0% 85.4%
Surprise 97.1% 100.0% | 100.0% | 96.4% | 100.0% — 99.3%

Total accuracy: 86.0%

Table 4.2: Binary classification accuracy for each pairing of basic emotions. Size of training set
(in examples per class) is given by n. Rightmost column gives overall mean accuracy for each
row’s emotion.
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Linear Polynomial (degree=2)
- -
.
Polynomial (degree=3) Radial basis function (width=1)

Figure 4.3: A 2D classification problem that is not linearly separable. Kernel choice affects the
shape of the decision boundary.

| | Anger | Disgust | Fear | Joy | Sorrow | Surprise || Overall |
Linear 78.4% 83.9% 76.2% | 95.3% 85.6% 98.8% 86.3%
Polynomial | 81.8% 83.3% | 76.2% | 91.9% | 83.8% 88.4% 84.2%
(degree=2)
RBF 80.7% 82.3% 73.8% | 93.0% | 86.9% 93.6% 85.0%
(width=1)
Sigmoid 48.3% 44.3% 47.6% | 471% 43.8% 49.4% 46.7%
(scale=1,
offset=0)

Table 4.3: Effect of kernel choice on classification accuracy. Columns give recognition accuracy
for each basic emotion. Rightmost column gives overall accuracy for each kernel.
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Figure 4.4: Total accuracy for the polynomial and RBF kernels as the parameters degree and
width, respectively, are varied.

with the fact that Joachims [17] and others report polynomial kernels achieving highest accuracy
for a variety of applications, led to experimenting with the parameters of the polynomial and
RBF kernels. Figure 4.4 shows how total accuracy over all basic emotions varies for these kernels
as the parameters are adjusted. The polynomial kernel was not able to outperform the linear
kernel for any degree. However, the RBF kernel did outperform the linear kernel, achieving a
peak accuracy of 87.9% for a width parameter value of 7. This was the highest overall recognition
accuracy achievable for the displacement / SVM approach on the evaluation data set.

4.4 Comparison to Other Systems and Human Ceiling

The optimal accuracy of 87.9% achieved by the combined landmark displacement / SVM ap-
proach using an RBF kernel compares favorably to other expression classification systems de-
scribed in the literature.

Dumas [11] reports classification accuracy of up to 85.7% using a Gabor filter preprocessing/SVM
combination, while Dailey et al. [9] use Gabor filter preprocessing together with neural net-
works to achieve 85.9%. Pantic & Rothkrantz [28] use an elaborate system based on hybrid
frontal/sideways views of the face to achieve up to 91% accuracy. None of these systems do clas-
sification in video.

For preprocessed, Gabor-filtered video, Littlewort et al. [23] report between 87% and 91% accu-
racy using an SVM classifier. Sebe et al. [30] use a Cauchy Naive Bayes classifier to achieve 80%
person dependent and 63% person-independent accuracy in video.

A series of trials conducted by Ekman & Friesen [14] established the human ‘ceiling’ in classifying
facial expressions into the six basic emotions at 91.7%.
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Figure 4.5: Number of support vectors defining the decision surface for anger vs. joy as the
training set size is increased.

4.5 Speed

In hindsight, my initial concerns about the performance of a Java-based SVM classifier proved
to be somewhat unfounded.

All examples used in both the image and video-based applications are fixed vectors of 22 feature
displacements. Unless the amount of training examples used does get very large (in the 100s
or 1000s — very unlikely given that each example is individually defined by the user during
interaction), there is little difference in the time taken to train the SVM.

Running a profiler' on the image-based application showed that initial SVM training takes be-
tween 200-300ms for any typically sized training set (on the order of 5-20 examples per class).
Subsequent training runs then take significantly less time (around 10-20ms) due to JIT-compiled
cached code being executed. Classification of an unseen example (a simple evaluation of the de-
cision function established by training) took under 1ms.

For the video application, profiling results* showed that for compiled code, SVM training takes
around 9uS, remaining at roughly that level for any reasonably sized training set. Subsequent
classification occurs in around 11us (close to 12,000 clock cycles). This very short time easily
allows for classification to be done in real time once per frame of video, around 30 times per
second. The classification & result reporting thus appears instantaneous to the user.

The high efficiency partially stems from the fact that the decision function the SVM algorithm
produces is dependent only on the support vectors, as outlined in Section 2.4. Figure 4.5 depicts
how the number of support vectors grows as the size of the training set is increased. It shows the
support vectors of the decision surface for one of the binary classification problems evaluated
previously, namely anger vs. joy. It can be seen how the number of support vectors which define
the decision surface increase sub-linearly as the training set size is increased. In practical terms,
if there is a lot of redundancy in the training set, the SVM classifier picks out those training

'EclipseColorer (http://eclipsecolorer.sourceforge.net), a plugin to IBM’s Eclipse IDE.
*Using DevPartner Profiler, a plugin to Visual Studio.
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examples that are truly characteristic for each class. The remaining, redundant examples are
then simply ignored and do not hamper training or classification performance.

4.6 Video-based Classification Results

I wanted to quantify the penalty in recognition accuracy obviously incurred when moving to
video-based classification. I also wanted to ascertain the suitability of the combined SVM / land-
mark displacements approach for ‘ad-hoc’ classification, whereby an inexperienced user is con-
fronted with the application and asked to express the basic emotions naturally, leading to greater
variability than is present in the CMU dataset used above, where actors were asked to essen-
tially give their interpretation of characteristic expression of each basic emotion (e.g. an open
mouth and raised eyebrows for ‘surprise’). Finally, I wanted to see whether it is possible to use
training data from one person to classify another person’s expressions, thus performing person-
independent classification. This would allow users to skip the training stage altogether by simply
using someone else’s training data.

Three kinds of trials were carried out with the video-based application:

1. To establish the optimum recognition accuracy, an ‘expert’ user thoroughly familiar with the
application? supplied sets of training data with 1, 4 and 10 examples per basic emotion which
was subsequently used to classify 12 X 6 unseen expressions in ‘snapshot’ mode.

2. To establish the recognition accuracy for ad-hoc classification, six users unfamiliar with the
application and automated expression analysis in general were asked to provide one training
example per basic emotion and subsequently supply a number of unseen examples for classi-
fication.

3. To establish the recognition accuracy for person-independent classification, examples from
the two expert users were imported into the application and used each time by the expert user
that did not provide them as training data to classify 12 x 6 unseen examples.

Figure 4.6 shows a typical video-based classification session and depicts the experimental setup
used during these trials.

4.6.1 Expert Classification

Table 4.4 gives the results for the first of these trials. It shows that for an expert user who performs
all expressions enthusiastically and consistently with minimal head motion, the recognition ac-
curacy is very similar to the results presented earlier in this chapter in Table 4.2. The higher
accuracy for the smallest (n=1) training set in Table 4.4 can be attributed to the fact that all six
examples here were from the same person.

4.6.2 Ad-hoc Classification

Table 4.5 gives the results for ad-hoc classification. As can be seen, the accuracy achieved is
significantly lower. Apart from the intentionally more unconstrained setup of this trial in terms

3Either myself or my supervisor.
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| n=1 || Anger | Disgust \ Fear | Joy | Sorrow | Surprise H Overall |
Anger 6 0 3 0 3 0 50.0%
Disgust o 12 0 0 e} 0 100.0%
Fear 2 0 10 0 0 0 83.3%
Joy 0 1 0 8 3 0 66.6%
Sorrow o) 0 o} 9 0 75.0%
Surprise 0 0 0 0 12 100.0%
Total accuracy: 79.2%
| n=4 || Anger | Disgust | Fear | Joy \ Sorrow | Surprise “ Overall ‘
Anger 10 0 0 0 0 83.3%
Disgust 0 12 0 0 0 0 100.0%
Fear 3 0 9 0 0 0 75.0%
Joy 0 0 0 10 0 2 83.3%
Sorrow 0 0 3 0 9 0 75.0%
Surprise o 0 0 0 0 12 100.0%
Total accuracy: 86.1%
| n=10 H Anger ‘ Disgust | Fear ‘ Joy | Sorrow | Surprise || Overall |
Anger 10 0 0 0 0 2 83.3%
Disgust 0 12 0 0 0 0 100.0%
Fear 2 0 10 0 0 0 83.3%
Joy 0 0 9 0 3 75.0%
Sorrow 0 0 0 10 0 83.3%
Surprise 0 0 0 0 12 100.0%

Total accuracy: 87.5%

Table 4.4: Confusion matrices for expert video classification. Each cell gives the number of
examples of the row’s emotion classified as the column’s emotion. Size of training set (examples
per basic emotion) is given by n. Rightmost column gives overall mean accuracy for each row’s

emotion.

| n=1 || Anger | Disgust | Fear | Joy | Sorrow | Surprise || Overall |
Anger 19 4 3 1 3 2 59.4%
Disgust 2 18 1 2 5 3 58.1%
Fear 7 3 15 0 3 1 51.7%
Joy 1 5 1 21 4 1 63.6%
Sorrow 2 3 7 3 18 0 54.4%
Surprise 2 3 1 0 2 25 75.8%

Total accuracy: 60.7%

Table 4.5: Confusion matrix for ad-hoc classification performed by multiple subjects. One train-
ing example per basic emotion per person. Rightmost column gives overall mean accuracy for

each row’s emotion.
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Figure 4.6: Picture of a typical interactive session during evaluation of video-based classification.

of distance to the camera, posture, etc., this can be attributed in great part to head motion by
the subjects giving inaccurate landmark displacements and the fact that subjects found it hard to
enthusiastically portray each expression distinctly on command. Fear in particular was quoted
as being difficult to consciously express upon request.

4.6.3 Person-independent Classification

Table 4.6 gives the results for person-independent classification. It can be seen that those emo-
tions having expressions that are generally very uniform across subjects (such as the universal
smile of a oy’ expression or the open mouth and raised eyebrows for ‘surprise’) exhibit the
highest recognition rates. The trials showed that the more expressive the person supplying the
training examples, the better the resulting accuracy in classification. It was also significant that
both the supplier of training examples and the tester were aware of the characteristic expres-
sions of each basic emotion and that there was hence fairly high overall concurrency between
the expressions of the two individuals. Further short trials taking examples from the ad-hoc
training data (where overall concurrency of expression was much less pronounced) showed that
while person-independent recognition rates are high when training and classification is done in
a carefully specified manner, just taking anyone’s training examples to classify someone else’s ex-
pressions in an ad-hoc manner introduces too much noise and succeeds only when the trainer’s
expressions are essentially imitated.
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| || Anger | Disgust | Fear | Joy | Sorrow | Surprise || Overall |

Anger 8 (o} 2 0 2 o 66.7%
Disgust 3 9 2 o o 0 64.3%
Fear 2 0 8 0 2 0 66.7%
Joy 0 1 0 1 0 0 91.7%
Sorrow o 2 4 o} 10 0 62.5%
Surprise 2 0 0 0 10 83.3%

Total accuracy: 71.8%

Table 4.6: Confusion matrix for person-independent classification. Two examples per basic emo-
tion. Rightmost column gives overall mean accuracy for each row’s emotion.

4.7 Testing

4.7.1 Module Testing

The object-oriented structure of both applications was of great benefit for early module testing.
Where possible, I attempted to test each class in isolation as I implemented it. This turned out to
be somewhat easier for the Java application than for the video-based application.

Image-based application

For the image-based application, the GUI oriented classes (e.g. TrainingClassFrame or
QueryFrame) could only be properly tested during system testing after they were integrated in
the overall application. However, SVMCore and the classes implementing data structures were
tested early.

To test SVMCore, I rewrote a simple application to classify small GIF images as ‘yellow’ or ‘blue’
according to pixel color content I had written during the preparation phase to make use of the
class through the Classifier interface for all training and classification.

To test the data structures used to represent landmarks and displacement-based examples, I
wrote a separate small Java application (FeaturePicker) to perform manual landmark defi-
nition on an image in the same way it should be done within the final application. Once I was
sure landmark definition and the associated data structures were working correctly, it was easy
to integrate the functionality of this program into the final application.

Video-based application

Due to the close integration of the application components components into the Docu-
ment/View structure, module testing could only be easily carried out for SVMCore. I modified
small sample programs shipped with the C++ version of 1ibsvm to use SVMCore for training
and classification of sample heart-rate data (which is also provided with 1ibsvm). This proved
to be useful particularly to ensure that memory allocation / deallocation and pointer handling
were working properly.
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4.7.2 System Testing

The gathering of the results presented in this chapter provided ample opportunity to thoroughly
perform system testing for both the image and video based applications.

Image-based application

All training and testing examples used in evaluating classification accuracy above were de-
fined in the application and subsequently used for training and classification. The ability to
cope with many training examples in different classes as well as numerous subsequent train-
ing/classification runs with different SVM parameters was thus implicitly tested during evalua-
tion. Being able to reuse work from previous sessions as well as add correctly classified examples
to their target classes saved me a lot of time.

Video-based application

Again, the user trials carried out during evaluation of accuracy enabled be to thoroughly stress-
test the functionality of the application. I found and was able to fix various memory leaks as-
sociated with improper memory de- and reallocation for the bitmap data used to display the
video stream, which resulted in video not being drawn after some minutes of operation. A mem-
ory/pointer bug in reconstructing SVMCore objects after loading a previously exported SVM rep-
resentation during serialization was also found and fixed while evaluating person-independent
classification in video.
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Chapter s

Conclusions

The prime motivation behind this project was to apply Support Vector Machine learning to
the problem of automated emotion classification in facial expressions. All aims outlined in both
Chapter 1 as well as the project proposal have been met. A number of what were originally project
extensions in the proposal, including real time classification in video, were also implemented
successfully.

5.1 Achievements

An application to perform SVM-based emotion classification from facial images satisfying the
requirements of Section 2.1.1 was designed, implemented and tested successfully. It allows for
flexible evaluation of SVM classification of facial expressions for an arbitrary set of user-defined
emotion categories and various SVM settings. Its implementation can be extended in a straight-
forward way to incorporate different methods of feature extraction as well as different classifiers.

A number of approaches to feature extraction from face images were explored, including Gabor
wavelets, eigenfaces and landmark displacements.

The combination of feature extraction using landmark displacements and SVM classification
yielded high classification accuracy and low training & classification delays on image-based data,
causing investigation of the same approach to emotion classification in video.

An interactive video-based expression recognition application satisfying the requirements of Sec-
tion 2.1.2 was thus designed, implemented and tested successfully. It allows for spontaneous ex-
pressions to be SVM classified in real time. It enables training data to be conveniently supplied
incrementally and reused across sessions, allows experimentation with different SVM formula-
tions and runs on commodity hardware.

To evaluate the suitability of the combined landmark displacements / SVM classification ap-
proach adopted in this project, a number of experiments were carried out. The accuracy in
classifying the basic emotions of anger, disgust, fear, joy, sorrow and surprise on images was
evaluated for various training & testing data and different SVM parameters. Human trials were
carried out for different interaction scenarios to evaluate classification accuracy in live video.
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The performance of both image-based and video-based classification was evaluated in terms of
training and classification delay and scalability as the amount of training data increases.

5.2 Publications arising from Project Work

Combining landmark displacements extracted from live video with SVM classification presents
a novel and promising approach to automatic and unobtrusive expression classification in real
time. The results presented in Chapter 4 compare favorably with previous approaches to ex-
pression recognition, having in addition the complete lack of preprocessing and the accuracy
achieved even for very unconstrained ad-hoc interaction as two important advantages.

A poster arising from work presented in this dissertation will be presented at the 10™ Interna-
tional Conference on Human-Computer Interaction in June 2003, with an abstract being pub-
lished in the conference proceedings.

A paper I co-authored together with my supervisor has been submitted to the Fifth International
Conference on Multimodal Interfaces in November 2003. It is reproduced in Appendix A.

5.3 Hindsight and Further Work

If T was to start this project again, I would be rather more optimistic about the the performance of
SVM classification. My fears of execution speed of the SVM routines being inadequate especially
for video were unconfirmed.

I would have perhaps focussed more on video-based classification from the outset. This would
have enabled me to pursue the following particularly interesting further improvements:

e Better compensation for head motion: The current implementation adjusts landmark dis-
placements to deal with head motion in video by normalizing with respect to the motion of
the nose root. This obviously deals poorly with rotational head motion (pitch, roll, yaw) re-
sulting from nodding or head tilting. A more sophisticated scheme could be implemented.
This would very likely boost classification accuracy further.

e Automatic SVM model selection: There are methods of automatically choosing the optimal
kernel function and SVM parameters for given training data (see for instance [6]). Again, this
is likely to improve accuracy.

e More feature extraction methods for still images: My original plan to extend the image-
based application to use different extraction methods (such as Gabor filtering) was adjusted
to focus work on video-based classification. It would be interesting to implement additional
feature extraction methods and see how they compare to the displacements approach on im-
ages.
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ABSTRACT

Enabling computer systems to recognize facial expressions
and infer emotions from them in real time presents a chal-
lenging research topic. In this paper, we present a real time
approach to emotion recognition through facial expression in
live video. We employ an automatic facial feature tracker to
perform face localization and feature extraction. The facial
feature displacements in the video stream are used as input
to a Support Vector Machine classifier. We evaluate our
method in terms of recognition accuracy for a variety of in-
teraction and classification scenarios. Our person-dependent
and person-independent experiments demonstrate the effec-
tiveness of a support vector machine and feature tracking
approach to fully automatic, unobtrusive expression recog-
nition in live video. We conclude by discussing the relevance
of our work to affective and intelligent man-machine inter-
faces and exploring further improvements.

Categories and Subject Descriptors

H.5.2 Information Interfaces and Presentation|: User
Interfaces; H.1.2 [Models and Principles]: User/Machine
Systems—Human factors; 1.5.4 [Pattern Recognition]:
Applications; 1.4.8 [Image Processing and Computer
Vision]: Scene Analysis— Tracking.

General Terms

Design, Experimentation, Performance, Human Factors.

Keywords

Facial expression analysis, support vector machines, feature
tracking, emotion classification, affective user interfaces.

1. INTRODUCTION

The human face possesses superior expressive ability [8]
and provides one of the most powerful, versatile and natural
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means of communicating motivational and affective state [9].
We use facial expressions not only to express our emotions,
but also to provide important communicative cues during
social interaction, such as our level of interest, our desire
to take a speaking turn and continuous feedback signalling
understanding of the information conveyed. Facial expres-
sion constitutes 55 percent of the effect of a communicated
message [18] and is hence a major modality in human com-
munication.

Reeves & Nass [21] posit that human beings are biased
to attempt to evoke their highly evolved social skills when
confronting a new technology capable of social interaction.
The possibility of enabling systems to recognize and make
use of the information conferred by facial expressions has
hence gained significant research interest over the last few
years. This has given rise to a number of automatic methods
to recognize facial expressions in images or video [20].

In this paper, we propose a method for automatically
inferring emotions by recognizing facial expressions in live
video. We base our method on the machine learning system
of Support Vector Machines (SVMs). A face feature tracker
gathers a set of displacements from feature motion in the
video stream. These are subsequently used to train an SVM
classifier to recognize previously unseen expressions. The
novelty of our approach consists of its performance for real
time classification, its unobtrusiveness and its lack of prepro-
cessing. It is particularly suitable for ad-hoc, incrementally
trained and person-independent expression recognition.

The remainder of this paper is organized as follows. Sec-
tion 2 gives an overview of some prior work in the area of
facial expression analysis. In Section 3 we outline the overall
design of our approach to expression recognition. Section 4
describes how face localization, feature extraction and track-
ing are accomplished, while Section 5 gives an overview of
support vector machines and details how they are used in
our approach. We evaluate our system in Section 6 and
conclude in Section 7.

2. RELATED WORK

Pantic & Rothkrantz [20] identify three basic problems a
facial expression analysis approach needs to deal with: face
detection in a facial image or image sequence, facial expres-
sion data extraction and facial expression classification.

Most previous systems assume presence of a full frontal
face view in the image or the image sequence being analyzed,
yielding some knowledge of the global face location. To give
the exact location of the face, Viola & Jones [27] use the Ad-



aboost algorithm to exhaustively pass a search sub-window
over the image at multiple scales for rapid face detection.
Essa & Pentland [13] perform spatial and temporal filtering
together with thresholding to extract motion blobs from im-
age sequences. To detect presence of a face, these blobs are
then evaluated using the eigenfaces method [24] via prin-
cipal component analysis (PCA) to calculate the distance
of the observed region from a face space of 128 sample im-
ages. The PersonSpotter system [22] tracks the bounding
box of the head in video using spatio-temporal filtering and
stereo disparity in pixels due to motion, thus selecting image
regions of interest. It then employs skin color and convex
region detectors to check for face presence in these regions.

To perform data extraction, Littlewort et al. [17] use a
bank of 40 Gabor wavelet filters at different scales and ori-
entations to perform convolution. They thus extract a “jet”
of magnitudes of complex valued responses at different loca-
tions in a lattice imposed on an image, as proposed in [16].
Essa & Pentland [13] extend their face detection approach
to extract the positions of prominent facial features using
eigenfeatures and PCA by calculating the distance of an im-
age from a feature space given a set of sample images via
FFT and a local energy computation. Cohn et al. [4] first
manually localize feature points in the first frame of an im-
age sequence and then use hierarchical optical flow to track
the motion of small windows surrounding these points across
frames. The displacement vectors for each landmark be-
tween the initial and the peak frame represent the extracted
expression information.

In the final step of expression analysis, expressions are
classified according to some scheme. The most prevalent
approaches are based on the existence of six basic emotions
(anger, disgust, fear, joy, sorrow and surprise) as argued by
Ekman [10] and the Facial Action Coding System (FACS),
developed by Ekman and Friesen [12], which codes expres-
sions as a combination of 44 facial movements called Action
Units. While much progress has been made in automatically
classifying according to FACS [23], a fully automated FACS-
based approach for video has yet to be developed. Dailey et
al. [7] use a six unit, single layer neural network to classify
into the six basic emotion categories given Gabor jets ex-
tracted from static images. Essa & Pentland [13] calculate
ideal motion energy templates for each expression category
and take the euclidean norm of the difference between the
observed motion energy in a sequence of images and each
motion energy template as a similarity metric. Littlewort et
al. [17] preprocess image sequences image-by-image to train
two stages of support vector machines from Gabor filter jets.
Cohn et al. [4] apply separate discriminant functions and
variance-covariance matrices to different facial regions and
use feature displacements as predictors for classification.

3. IMPLEMENTATION OVERVIEW

We use a real time facial feature tracker to deal with the
problems of face localization and feature extraction in spon-
taneous expressions. The tracker extracts the position of 22
facial features from the video stream. We calculate displace-
ments for each feature between a neutral and a representa-
tive frame of an expression. These are used together with
the label of the expression as input to the training stage of
an SVM classifier. The trained SVM model is subsequently
used to classify unseen feature displacements in real time,
either upon user request or continuously, for every frame in
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Figure 1: The stages of SVM-based automated ex-
pression recognition.

the video stream. Figure 1 illustrates the implementation
diagrammatically.

Commodity hardware is used, such as a commercial dig-
ital camcorder connected to a standard PC, allowing clas-
sification at 30 frames per second. We have found our ap-
proach to perform well even at significantly lower frame rates
(and hence more intermittent motion) and under a variety
of lighting conditions. We assume a full frontal view of the
face, but take into account the user-dependent variations
in head pose and framing inherent in video-based interac-
tion. Our approach works for arbitrary user-defined emo-
tion classes. For illustration purposes, we use the universal
basic emotions throughout the remainder of this paper.

4. FEATUREEXTRACTION & TRACKING

We chose the feature displacement approach due to its
suitability for a real time video system, in which motion
is inherent and which places a strict upper bound on the
computational complexity of methods used in order to meet
time constraints. Cohn et al. [5] posit that approaches based
on feature point tracking show 92% average agreement with
manual FACS coding by professionals and are hence highly
applicable to expression analysis. Our earlier experiments
using an SVM classifier on displacements of manually de-
fined facial landmarks in image sequences from the Cohn-
Kanade facial expression database [15] yielded high classifi-
cation accuracy. Furthermore, they exhibited short training
and classification delays which prompted us to investigate
the application of a combined feature displacement / SVM
approach for real time video.

The tracker we employ uses a face template to initially lo-
cate the position of the 22 facial features of our face model
in the video stream and uses a filter to track their position
over subsequent frames as shown in Figure 2. For each ex-
pression, a vector of feature displacements is calculated by
taking the euclidean distance between feature locations in
a neutral and a “peak” frame representative of the expres-
sion, as illustrated in Figure 3. This allows characteristic
feature motion patterns to be established for each expres-
sion, as given by Figure 4. Feature locations are automati-
cally captured when the amount of motion is at a minimum,
corresponding to either the initial neutral phase or the final
phase of a spontaneous expression, when motion has settled
around its peak frame.



Figure 2: Facial features localized and tracked over a sequence of video frames (taken at intervals in a 30fps

stream).

Figure 3: Peak frames for each of the six basic emo-
tions, with features localized.

5. CLASSIFICATION
5.1 Support Vector Machine Overview

Machine learning algorithms receive input data during a
training phase, build a model of the input and output a
hypothesis function that can be used to predict future data.
Given a set of labelled training examples

S = ((X17y1)7 ) (xlvyl))vyi € {_17 1}

learning systems typically try to find a decision function of
the form

h(x) = sgn((w - x) +)

that yields a label € {—1,1} (for the basic case of binary
classification) for a previously unseen example x.

Support Vector Machines [1, 6] are based on results from
statistical learning theory, pioneered by Vapnik [25, 26], in-
stead of heuristics or analogies with natural learning sys-
tems. These results establish that the generalization perfor-
mance of a learned function on future unseen data depends
on the complexity of the class of functions it is chosen from
rather than the complexity of the function itself. By bound-
ing this class complexity, theoretical guarantees about the
generalization performance can be made.

SVMs perform an implicit embedding of data into a high
dimensional feature space, where linear algebra and geom-
etry may be used to separate data that is only separable
with nonlinear rules in input space. To do so, the learn-
ing algorithm is formulated to make use of kernel functions,
allowing efficient computation of inner products directly in
feature space, without need for explicit embedding. Given a
nonlinear mapping ® that embeds input vectors into feature
space, kernels have the form

K(x,z) = (®(x) - ®(2))
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Figure 4: Feature motion patterns for the six basic
emotions.

SVM algorithms separate the training data in feature space
by a hyperplane defined by the type of kernel function used.
They find the hyperplane of maximal margin, defined as
the sum of the distances of the hyperplane from the nearest
data point of each of the two classes. The size of the mar-
gin bounds the complexity of the hyperplane function and
hence determines its generalization performance on unseen
data. The SVM methodology learns nonlinear functions of
the form:

fx) = sgn(z oy K (x; - x) + b)

where the a; are Lagrange multipliers of a dual optimization
problem. It is possible to show that only some of the «; are
non-zero in the optimal solution, namely those arising from
training points nearest to the hyperplane, called support
vectors. These induce sparseness in the solution and give
rise to efficient approaches to optimization. Once a decision
function is obtained, classification of an unseen example x
amounts to checking on what side of the hyperplane the
example lies.

The SVM approach is highly modular, allowing domain-
specific selection of the kernel function used. Table 1 gives
the kernels used during our evaluation of SVM-based expres-
sion classification. In contrast to previous “black box” learn-
ing approaches, SVMs allow for some intuition and human
understanding. They deal with noisy data and overfitting
(where the learned function perfectly explains the training



| Kernel | Formula |
Linear X 3
Polynomial (vx-z+ C)degree
Radial Basis Function (RBF) | exp(—v|x — z[*)
Sigmoid tanh(yx - z + ¢)

Table 1: Typically used kernel functions. c,~, degree
are parameters used to define each particular kernel
from the family given.

set but generalizes poorly) by allowing for some misclassifi-
cations on the training set. This handles data that is linearly
inseparable even in higher space. Multi-class classification is
accomplished by a cascade of binary classifiers together with
a voting scheme. SVMs have been successfully employed
for a number of classification tasks such as text categoriza-
tion [14], genetic analysis [28] and face detection [19]. They
currently outperform artificial neural networks in a variety
of applications. Their high classification accuracy for small
training sets and their generalization performance on data
that is highly variable and difficult to separate make SVMs
particularly suitable to a real time approach to expression
recognition in video. They perform well on data that is noisy
due to pose variation, lighting, etc. and where often minute
differences distinguish expressions corresponding to entirely
different emotions.

5.2 SVM Classification for Real Time Video

Our implementation uses libsvm [2] as the underlying
SVM classifier. We encapsulate its stateless functionality
in an object-oriented manner to work in an incrementally
trained interactive environment. This avoids having to sup-
ply the set of training examples in its entirety before any
classification can proceed and allows the user to augment
the training data on-the-fly. It also enables us to export the
entire state of a trained SVM classifier for later use. Hence,
data gathered across several training sessions is preserved
and can be re-used for classification. In addition, it allows
for convenient combination of training data from multiple
individuals to accomplish person-independent classification.

The user requests for training examples to be gathered at
discrete time intervals and provides a label for each. This
is combined with the displacements output by the feature
extraction phase and added as a new example to the training
set. The SVM is then retrained. Unseen expressions to be
classified pass the same feature extraction process and are
subsequently assigned the label of the target expression that
most closely matches their displacement pattern by the SVM
classifier.

Most computational overhead resides in the training phase.

However, due to the fact that the training set is interactively
created by the user and hence limited in magnitude and that
the individual training examples are of constant and small
size, overhead is low for typical training runs. This is also
aided by the sparseness of the SVM solution, manifested by
the fact that the number of support vectors which define the
decision surface only increases sub-linearly as more examples
are added to the training data. This is illustrated by Fig-
ure 5. Because evaluation of an SVM decision function on
unseen input essentially amounts to checking which of the
two subspaces defined by a separating hyperplane a point
lies in, classification overhead is negligible. This allows our
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Figure 5: Number of support vectors defining the
decision surface as training set size is increased.

approach to perform classification both directly upon user
request and continuously in real time for every frame in the
video stream, with the current result being constantly re-
ported back to the user.

6. EVALUATION

We evaluate our system by considering classification per-
formance for the six basic emotions. Our approach makes no
assumptions about the specific emotions used for training or
classification and works for arbitrary, user-defined emotion
categories.

To establish an upper bound on the recognition accuracy
achievable for a combined feature displacement / SVM ap-
proach to expression recognition, we initially evaluated our
method on still images from the Cohn-Kanade facial ex-
pression database. Features were manually defined for each
image and displacements were subsequently extracted from
pairs of images consisting of a neutral and a representative
frame for each expression. A set of ten examples for each ba-
sic emotion was used for training, followed by classification
of 15 unseen examples per emotion. We used the standard
SVM classification algorithm together with a linear kernel.
Table 2 gives the percentage of correctly classified examples
per basic emotion and the overall recognition accuracy. Fig-
ure 6 shows the mean and standard deviation of the feature
displacements for each basic emotion as extracted from the
training data. It can be seen from these results that each
emotion, expressed in terms of feature motion, varies widely
across subjects. Particular emotions (eg. fear) or indeed
particular combinations (eg. disgust vs. fear) are inherently
harder to distinguish than others. However, the results also
expose certain motion properties of expressions which seem
to be universal across subjects (eg. raised mouth corners for
’joy’, corresponding to a smile).

Kernel choice is among the most important customiza-
tions that can be made when adjusting an SVM classifier to
a particular application domain. We experimented with a
range of polynomial, gaussian radial basis function (RBF)
and sigmoid kernels and found RBF kernels to significantly
outperform the others, boosting overall recognition accu-
racy on the still image data to 87.9%. The human ‘ceiling’
in correctly classifying facial expressions into the six ba-



Emotion | Percent correct
Anger 82.2%
Disgust 84.6%
Fear T1.7%
Joy 93.0%
Sorrow 85.4%
Surprise 99.3%
| Average | 86.0% |

Table 2: Recognition accuracy of SVM classification
on displacements extracted from still images.
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Figure 6: The mean and standard deviation for the
characteristic motion of the 22 facial features for
each basic emotion.

sic emotions has been established at 91.7% by Ekman &
Friesen [11].

We next established the optimum recognition accuracy
for video-based spontaneous expressions by having an ex-
pert user familiar with our approach and aware of how the
basic emotions are typically expressed provide ten examples
per basic emotion. A set of 72 test examples (12 per ba-
sic emotion) were then SVM classified using an RBF kernel.
Table 3 gives the confusion matrix for these trials. It can be
seen that for an expert user enthusiastically expressing emo-
tions relatively little penalty in accuracy is incurred when
moving from images to video. We are able to customize
our tracker to a particular person by calibrating the face
template used to initially locate facial features. This fur-
ther increases recognition performance slightly and allows a
tradeoff between generality and precision to be made.

We then evaluated our approach for the most challeng-
ing but ultimately desirable scenario of “ad-hoc” interac-
tion, whereby wholly inexperienced users are asked to ex-
press emotions naturally in an unconstrained setup in terms
of lighting conditions, distance from the camera, pose and
so forth. Six individuals were asked to provide one train-
ing example per basic emotion and subsequently supply a
number of unseen examples for classification. The result-
ing confusion matrix is shown in Table 4. The significantly
lower accuracy achieved in these trials can mainly be at-
tributed to the often significant amount of head motion by

Emotion | Percent correct
Anger 66.7%
Disgust 64.3%
Fear 66.7%
Joy 91.7%
Sorrow 62.5%
Surprise 83.3%
[ Average | 71.8% |

Table 5: Recognition accuracy for person-
independent classification from video.

the subjects during feature extraction, resulting in inaccu-
rate displacement measurements. In addition, since subjects
were not given any instructions on how to express each basic
emotion, cross-subject agreement on what constituted, for
instance, an expression of fear was considerably lower, re-
sulting in much more variable and difficult to separate data.

Finally, we tested the ability to recognize expressions of
an expert user given only training data supplied by a dif-
ferent expert user, essentially person-independent classifi-
cation. One example per basic emotion was supplied for
training and 12 unseen examples were classified. This trial
was repeated for various suppliers of training and testing
data. Table 5 gives the recognition accuracy. Recognition
was best for emotions having more uniform expression across
subjects (eg. joy or surprise). Trials established that the
more expressive the person supplying the training data, the
higher the accuracy that can be achieved. Furthermore, we
found it to be crucial that training and classification be per-
formed under similar conditions, particularly with regard to
the distance from the camera.

7. CONCLUSION AND DISCUSSION

In this paper we presented an approach to expression
recognition in live video. Our results indicate that the prop-
erties of a Support Vector Machine learning system correlate
well with the constraints placed on recognition accuracy and
speed by a real time environment. We evaluated our system
in terms of accuracy for a variety of interaction scenarios
and found the results for controlled experiments to compare
favorably to previous approaches to expression recognition.
Furthermore, usable results are achieved even for very un-
constrained ad-hoc interaction, which we consider a crucial
prerequisite for the application of expression recognition in
novel multimodal interfaces.

We currently deal with the prevalent problem of inaccu-
racies introduced by head motion by normalizing all feature
displacements with respect to a single fiducial feature (the
nose root) which provides an approximation to head mo-
tion in the video stream. This does not take into account
rotational motion such as nodding or head tilting. We ex-
pect an additional increase in recognition accuracy if feature
displacements can be properly adjusted in the presence of
such motion. Moreover, using automatic SVM model se-
lection [3] to determine optimal parameters of the classifier
for displacement-based facial expression data should also in-
crease classification accuracy further.

Incorporating emotive information in computer-human in-
terfaces will allow for much more natural and efficient inter-
action paradigms to be established. It is our belief that
methods for emotion recognition through facial expression



Emotion | Anger | Disgust | Fear | Joy | Sorrow | Surprise || Overall
Anger 10 0 0 0 0 0 83.3%
Disgust 0 12 0 0 0 0 100.0%
Fear 2 0 10 0 0 0 83.3%
Joy 0 0 0 9 0 3 75.0%
Sorrow 0 0 2 0 10 0 83.3%
Surprise 0 0 0 0 0 12 100.0%
Total accuracy: 87.5%

Table 3: Person-dependent confusion matrix for training and test data supplied by an expert user.

Emotion | Anger | Disgust | Fear | Joy | Sorrow | Surprise || Overall
Anger 19 4 3 1 3 2 59.4%
Disgust 2 18 1 2 5 3 58.1%
Fear 7 3 15 0 3 1 51.7%
Joy 1 5 1 21 4 1 63.6%
Sorrow 2 3 7 3 18 0 54.4%
Surprise 2 3 1 0 2 25 75.8%

Total accuracy: 60.7%

Table 4: Person-dependent confusion matrix for training and test data supplied by six users during ad-hoc

interaction.

that work on real time video without preprocessing while
remaining cheap in terms of equipment and unobtrusive for
the user will play an increasing role in building such affective
and intelligent multimodal interfaces.
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Appendix B

Sample Source Code

Video-based Application: Capturing an Example for ‘Anger’

void CSVMTrackDoc: :0nCaptureAnger ()

{

// Allocate an array to hold the landmarks

// Deleted below when we don’t need it anymore
int size = GetPointCount();

CPoint* p = new CPoint[size];

// Copy points from observer into the array of landmarks captured
for (int i=0; i < size; i++)

{
// Adding 0.5 does rounding
plil = CPoint ((int) (0.5+m_observerL.GetnodePosArrPtrL()->arr[i] .x),
(int) (0.5+m_observerL.GetnodePosArrPtrL()->arr[i].y));
}

// Array of double displacements. Is deleted after AddExample is called on SVMCore
// (values will have been copied into SVMCore vectors)
double* disp = new double[size];

// Calculate displacements between captured array and last ‘neutral’ array
for (int i=0; i < size; i++)

{
double iX = m_plastNeutralArray[i].x;
double iY = m_plastNeutralArray[i].y;
double fX = pl[i].x;
double fY = p[il.y;
// Euclidean displacement for this landmark
displ[i] = sqrt((£Y-iY)*(£Y-iY) + (£X-iX)*(£X-iX));
}
delete [] p;

// Add Example as ‘anger’ into the SVM
m_svm.AddExample (Anger, disp, size);

// Retrain the SVM immediately
m_svm.Train();
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delete [] disp;

Image-based Application: Part of Conversion to 1ibsvm Input Format

VELS
* One of the intermal functions of SVMCore used to convert between
* the dual internal Vectors holding training data (labels & examples)
* and the svm_problem object needed to train the svm provided by libsvm
*/
void createProblem() {
// Create a new svm_problem object
prob = new svm_problem();

// The number of examples used in training
prob.1l = vy.size(Q);

// prob.x holds the numerical training data
// (vectors x_i of the SVM equations)
prob.x = new svm_node[prob.1][];
for(int i=0; i < prob.l; i++) {

prob.x[i] = (svm_node[])vx.elementAt(i);

}

// prob.y holds the labels of the training examples
prob.y = new double[prob.1];
for(int i=0; i < prob.l; i++) {

prob.y[i] = ((Integer)vy.elementAt(i)).doubleValue();
}

// Set gamma to 1/k where k = size of largest example vector
if (param.gamma == 0) {
param.gamma = 1.0 / max_index;

}

Matlab Code' used in Calculating the Eigenfaces for a Set of Images

function [Eigvec, Eigval, Psi] = eigenfaces(A, numofvectors)

% Function returns the top numofvectors eigenvectors and eigenvalues

% of the covariance matrix of A, where A is a matrix of image vectors

% (i.e. each image is a column vector in A). The problem is reduced

% from N"2*N"2 (N"2 = size of image) to MxM (M = no. of images) by calculating
% the eigenvectors for A’A and then converting to the eigenvectors of the

% covariance matrix AA’ (see Turk & Pentland’s paper).

% How many columns there are in the image matrix A
numofimages = size(A,2);

% Compute the ‘average’’ face Psi. mean works column-wise, so need to
% transpose A to find the mean of each pixel value and then transpose back

'Adapted from an illustrative example by M. Dailey.
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Psi = mean(A’)’;

% Compute the difference vector Phi_i of each face image from the average.
% Store these as column vectors in A
for i=1:numofimages
A(C:,i) = A(:,i) - Psi;
end;

% Compute the eigenvectors for the MxM problem
L = A’%A;
[Eigvec, Eigval]l = eig(L);

% Sort the eigenvectos in order of importance by the corresponding eigenvalues
[Eigvec, Eigval] = sortwrtvals(Eigvec, Eigval);

% Convert the eigenvectors of A’A to the eigenvectors of AA’
Eigvec = AxEigvec;

% Extract the eigenvalues from the diagonal of Eigval & normalize them
Eigval = diag(Eigval);
Eigval = Eigval / (numofimages-1);

% Normalize all the eigenvectors to unit modulus, set them to null vectors
% if their corresponding eigenvalues are below a certain tolerance. Once an
% eigenvalue ‘underflows’, the remaining ones will as well. At the end of the
% loop, the top numofvectors eigenvectors will be non-zero.
eps = le-5;
for i=1:numofimages

Eigvec(:,i) = Eigvec(:,i)/norm(Eigvec(:,1i));

if Eigval(i) < eps
Eigval(i) = 0;
Eigvec(:,i) = zeros(size(Eigvec,1),1);
numofvectors = numofvectors - 1;
end;
end;

Eigvec = Eigvec(:,1:numofvectors);

Video-based Application: Serializing SVMCore

void SVMCore::Serialize(CArchive& ar)
{
if (ar.IsStoring()) {
// Store how many elements there were in the m_vx CArray
ar << (WORD) m_vx.GetSize();

for (int i=0; i < m_vx.GetSize(); i++)
{
// Fetch vector of one example
svm_node* x = m_vx[i];

// First figure out the length of the array
int j = 0; int size = 0;
while(x[j].index != -1) {

size++;
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}

>

jH++;

APPENDIX B. SAMPLE SOURCE CODE

// Now store size + 1 in the file, which gives us the size of the
// array we must initialize to store all the values when loading

ar << (WORD) (size+1);

for(j=0; j <= size; j++)
{

if (j == size)

// Here we’re at the last index == -1
// Don’t try to store x[j].value, since it doesn’t exist!

ar << x[j].index;
else {
ar << x[j].index;

ar << (DOUBLE) x[j].value;

// Serialize the labels & SVM settings

m_vy.Serialize(ar);

ar << (WORD) m_max_index;

ar << (BOOL) m_trained;

ar << (WORD) m_kernel_type;
ar << (DOUBLE) m_gamma;

ar << (DOUBLE) m_cache_size;
ar << (DOUBLE) m_C;
m_weight_label.Serialize(ar);
m_weight.Serialize(ar);

ar << (DOUBLE) m_nu;

ar << (WORD) m_shrinking;

else {

// Clear the CArray
m_vx.RemoveAll();
m_vx.FreeExtra();

// Extract size of the vector

WORD vecsize;
ar >> vecsize;

for (int i=0; i < vecsize; i++)

{

ar
ar
ar
ar
ar
ar
//
//

ar

<< (BOOL) m_empty;

<< (WORD) m_svm_type;

<< (DOUBLE) m_degree;

<< (DOUBLE) m_coef0;

<< (DOUBLE) m_eps;

<< (WORD) m_nr_weight;
Serialize custom weight labels
Serialize custom weights

<< (DOUBLE) m_p;

of examples from the byte stream

// Extract the size of the next example

WORD size;
ar >> size;

// Construct a new array for the example’s data
svm_node* X = new svm_nodel[size];

for (int j=0; j < size; j++)

{
int w;
DOUBLE d;
if (j == (size-1)) {

// Just read the index (-1), not the value (undefined)

ar >> w;



}

}

x[j].index = w;
}
else {
ar > w;
ar >> d;
x[j].index = w;
x[j].value = 4;
}

// Add example just read to the internal Vector
m_vx.Add(x);

// Read in the labels & SVM settings
m_vy.Serialize(ar);
WORD w;
BOOL b;
DOUBLE d;

ar
ar
ar
ar
ar
ar
ar
ar
ar
ar
ar
ar

m_weight_label.Serialize(ar); // Read in custom weight labels

>>
>>
>>
>>
>>
>>
>>
>>
>>
>>
>>
>>

w;

m_max_index = w;
m_empty = b;
m_trained = b;
m_svm_type = w;
m_kernel_type = w;
m_degree = d;
m_gamma = d;
m_coef0 = d;
m_cache_size = d;
m_eps = d;

m_C = d;
m_nr_weight = w;

m_weight.Serialize(ar);
ar >> d;
ar >> d;
ar > w;

m_nu = d;
m_p = d;
m_shrinking = w;

// Read in custom weights

// Train the SVM with the loaded parameters
Train();
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Appendix C

Image-based Application: Description
of Methods & Fields

This appendix lists and describes the most important methods and fields of the component
classes implementing the image-based classification application outlined in Section 3.2. It should
act as a reference.

Class Jacha

Methods

addFrame, removeFrame: Methods called whenever a new internal frame needs to be
spawned or destroyed. Handle layout of new frames on the desktop. Register/unregister
frames with the application.

Fields
svm: The application’s single SVM instance of class SVMCore. Provides an object-oriented in-
terface to the 1ibsvm functionality.

iFrames, tcFrames, dfFrames: Vectors keeping references to all currently existing inter-
nal Frames, all TrainingClassFrames and all Def ineFeatureFrames of the application.

qf: A reference to the single QueryFrame that can be present in the application.

newTrainingClass, defQueryEx, train, classify: Actions for defininga new training
class, defining the query example, training the SVM and classifying the unseen example. These
are subclasses of Java’s AbstractAction.

svmSettings: Single internal frame serving as a dialog to change SVM parameters. Imple-
mented as an inner class within Jacha.
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Interface ExampleContainer

Abstract Methods

getExamples: Should return a Vector of Example objects in the concrete container instance.

getLabel: Should return the unique numerical label for the emotion class the examples in the
concrete container belong to.

getName: Should return the name (as a String) of the emotion class the examples in the con-
crete container instance belong to.

Class TrainingClassFrame

Methods

getExamples: Returns a Vector of Example objects for the emotion class corresponding to
this frame. The result is converted into training input to the SVM in the main class Jacha.

getLabel: Returns the unique numerical label for the emotion class of this frame. Associates
the SVM input produced from this frame with its emotion class during training.

getName: Returns the name (as a String) given to this emotion class during its definition by
the user (e.g. ‘disgust’).

updateStatus: Called by a Def ineFeaturesFrame to indicate that feature definition is com-
plete. Updates the status of the associated Example to reflect this (background color changed
to green).

addNewlyClassified: Passed the Example object of an unseen example that was just classified
into this emotion class. Adds it to the examples in the class.

Fields

examples: Vector holding the Example objects for the particular training class.

exampleComponents: Vector containing references to the Java Containers that sit at the top
of the hierarchy of GUI components for each example. It is used to map between Example
objects and their GUI components' during event handling and when examples are removed
(which causes their GUI components to be removed as well).

classLabel, className: The unique numerical label and the String representing the name
of this frame’s emotion class.

addEx: Action for adding a new example to the class. Two images (neutral and peak expressive
frame) are loaded from the data set and a new GUI component representing the example and
associated actions is added to the TrainingClassFrame.

'The Example at position i in the examples vector has corresponding GUI component at position i in the vector
exampleComponents.
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removeEx: Action to remove an example and its GUI component from the
TrainingClassFrame.

defineFeatures: Action to start feature definition for an example.  Causes a new
DefineFeaturesFrame to be created within Jacha.

loadFeatures, saveFeatures: Actions to import/export features defined for a particular
example to disk as text files.

imageChooser, featureChooser: File chooser dialogs to open images and for load-
ing/saving features from/to disk. Derived from JFileChooser.

Class QueryFrame

Very similar in structure to TrainingClassFrame. Only the main differences are given below.

Methods

getExamples: Returns the unit Vector consisting of the single unseen Example object of the
frame. The result is converted as SVM input during the classification stage in the main class
Jacha.

Fields
targetClassLabel, targetClassName: Assigned thelabel and name of the target class after
classification of the unseen example.

addToCandClass: Action to add the Example to its target emotion class after classi-
fication.  Causes addNewlyClassified(Example) to be called on the appropriate
TrainingClassFrame. This action only becomes active after successful classification.

unseenExample: The single Example object to be classified.

exampleComponent: The single GUI component associated with the Example object.

Class DefineFeaturesFrame

Fields

currentExample: The ManualExample object this frame defines landmarks for.

canvasPanel: Inner class derived from JPanel upon which the face image and the landmarks
are drawn using double buffering.

currentFaceImage: A Java BufferedImage of the face image landmarks are being defined
for.
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features: The LandmarkSet used for keeping landmark positions.  Stored within
currentExample upon completion of landmark definition.

Interface Example

Abstract Methods
getFeatures: Should return a double array representing the feature vector corresponding to
the example®.

getLabel: Should return the numerical label of the class of the example3, in case of an example
used for training.

Class ManualExample

Methods
getFeatures: Returns the feature vector of double displacements between the neutral and
peak images of the example.

getLabel: Returns the class label of the example.

Fields

neutralFrame, peakFrame: The two Images associated with the example.

neutrallLandmarks, peakLandmarks: LandmarkSets representing the landmarks defined
for each image.

displacements: Internal representation of the landmark displacements using
DisplacementSet data structure. The double vector of displacements returned by
getFeatures is calculated from this.

Class DisplacementSet

Methods
addDisplacement, addXDisplacement, addYDisplacement: Add a new landmark dis-
placement to the data structure.

getDisplacement, getXDisplacement, getYDisplacement: Return the displacement of
a landmark given its id.

2Equivalent to the X; in the SVM equations in Section 2.4.
3Equivalent to the yj in the SVM equations.
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getAllDisplacements, getAllXDisplacements, getAllYDisplacements: Return a
double array consisting of all landmark displacements, sorted by landmark id.

Fields
euclidDisplacements, xDisplacements, yDisplacements: Hashtables mapping land-

mark id — displacement.

Class LandmarkSet

Methods

addLandmark, removeLandmark: Add/remove alandmark to/from the set.
getLandmark: Returns the Landmark object from the set given its id.

setCoordinates: Updates the coordinates of a Landmark object in the set given its id and the
new (X,Y) pixel coordinates.

getId: Returns the id of the landmark that is closest to the (X,y) coordinates passed as param-
eters.

getPresentIds: Returnsan int array of the ids of the landmarks present in the set.

Fields

landmarks: A Vector used internally to hold the Landmark objects in the set.

Class Landmark

Methods

getDescription: Returnsa String describing the Landmark object depending on its id. For
instance, for a landmark id of 101, “Left Pupil” would be returned.

Fields

xCoord, yCoord: The (X,Y) pixel coordinates of the landmark.

landmarkId: The id of the landmark.



78 APPENDIX C. IMAGE-BASED APPLICATION: DESCRIPTION OF METHODS & FIELDS

Interface Classifier

Abstract Methods

addExample: Should add a labelled example to the training data being kept with the classifier.
clear: Should reset the classifier to an untrained state.
train: Should train the classifier.

predict: Should perform classification given an unseen example and return the predicted tar-
get class.

Class SVMCore

Methods

addExample: Takesadouble array representing a new training example and the associated class
label and adds it to the training data kept within the class.

train: Trains the SVM classifier using the training data present so far.

clear: Removes any training data kept in the class, deletes any SVM model that may be present
from prior training runs.

predict: Does classification by taking an unseen example and returning the numerical class
label of the predicted target class.

trainAndPredict: Combines the previous two steps into one.

Fields

vx, vy: Vectors containing training examples and their labels, respectively (example at vx [1]

has label vy [1]).

svm_type, kernel_ type, ...: Various fields used as parameters to 1ibsvm to modify SVM
behavior.
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Original Project Proposal

Introduction

“The question is not whether intelligent machines can have any emotions, but whether machines
can be intelligent without emotions”
— Marvin Minsky in The Society of Mind, 1985

Humans are extraordinarily good at recognizing emotions expressed via facial articulation, con-
sistently achieving success rates close to 90%. This classification process has long been regarded
as being solely in the realm of human capability. Advances in artificial intelligence and machine
learning techniques, however, have recently enabled computers to achieve similar classification
accuracy.

Support Vector Machines (SVMs), introduced by Vladimir Vapnik in 1995 [34] and described
thoroughly in [8], are powerful kernel-based learning techniques based on statistical learning
theory that have recently come to play an increasing réle for classification problems such as op-
tical pattern classification, text classification and medical diagnosis. SVMs treat the classification
problem as a quadratic optimization problem, broken down into smaller problems by bounding
the margin between different classes. Thus, they perform well with large, high dimensional data
sets, which makes them ideal for facial expression analysis.

I propose applying Support Vector Machine to the problem of classifying emotions, by imple-
menting an SVM-based classification application. This entails taking a data set (facial pho-
tographs conveying a range of emotions) and processing it in a way to produce suitable input
to an implementation of an SVM, providing a way of ‘training’ the SVM, querying the SVM with
data and presenting and evaluating the classification results.

Resources

o Iplan to mainly use my own PC (Dell Inspiron 8100 Laptop, Pentium I1I 1.13Ghz, 512MB RAM,
80GB hard disk, CD-RW). In case the system becomes unavailable, I will switch to one of the
Lab’s workstations while the problem is being fixed, provided I will have access to both the
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required Java development tools and enough space for the required corpus files (see Special
Resources)

e I intend to use Java for this project. Even though Support Vector Machines and the image
processing components require a large amount of numerical computation, the performance
of a Java implementation should be more than adequate for this project. I plan to use a recent
version of Sun’s JDK (e. g. 1.4.1) as the compiler

e I shall use CVS version control software for my project, allowing me to retain control of my
code as it progresses and offering roll-back mechanisms in case of any problems

e Data will regularly (each day Project data is modified) be backed up to the Pelican archiving
service, as well as to CD-R Media. A new CD will be used each week. I will send older CDs to
my home to provide off-site storage for disaster planning

e T will require a varied corpus of facial image data and perhaps video expressing various emo-
tions. This can be provided by the Cambridge University Autism Research Centre, The Min-
dreading Project via my supervisor. There are various freely available facial emotion databases
on the Internet. The corpus files tend to be high-resolution and relatively large

Starting Point

e My knowledge of Java stems from the Part IA course ‘Programming in Java’ and the various
other Tripos courses that deal with the language. The largest piece of programming I have
done in Java was the Part IB group project. My part, however, dealt mainly with numerical
and threading issues. I have thus little experience with coding graphical applications

e Prior to the discussion that gave rise to this project, I had never heard of Support Vector
Machines

e My knowledge of image processing algorithms is limited to the theory taught in the Part IB
course ‘Computer Graphics and Image Processing’ and some experience with image editing
applications such as Photoshop. I have not coded any such algorithms before

e No work has been done on this project before Michaelmas Term 2002

Project Outline

The overall project can be divided into four major components.

Firstly, the emotion classification application needs to be able to import and pre-process the facial
image data to produce suitable input to an SVM. This requires pre-existence of facial landmarks
in the images or a way for them to be specified (e. g. by user interaction) and an engine for con-
verting these into appropriate numerical representation. This includes selection of appropriate
data structures for each step.

Secondly, a basic Support Vector Machine must be incorporated into the application. Coding
an SVM from scratch would be a Part II project in its own right. Fortunately, there are vari-
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ous good and free implementations available, together with source code. Integrating such an
implementation into the overall framework will not be a trivial task, however.

Thirdly, there should be a way for the user to train the SVM by selecting various images to form
a sample emotion class (or using images from predefined ones, such as ‘happy’ or ‘sad’) and to
perform queries, presenting it with a new sample image.

Finally, the results of the classification output by the SVM need to be presented to the user in a
meaningful manner.

The final project should be able to do simple classification, initially restricted perhaps to binary
classification (e. g. only happy/sad), which should be enough to show the SVM approach to
classification is feasible.

Possible Extensions

There are various extensions to this project, some of which may be implemented if the main part
goes very smoothly and there is slack time in the implementation phase:

1. Experimenting with different versions of Support Vector Machines — There are various
optimizations of the basic SVM, suited for different applications. Evaluate & Compare the
performance of different versions

2. Automatic facial landmarking — Instead of having the user select landmarks in the input
images or taking pre-existing landmarks, automate the process or implement ‘user-aided’ def-
inition of landmarks. This requires the use extensive image processing routines and is likely
to be rather difficult

3. Expand possible emotion classes — Get the application to work with a greater number of
and more complex emotion categories. Could for instance train the SVM with ‘happy, sad,
angry, surprised’ and then query it with a new sample belonging to one of these four categories
(multi-class classification). This is more difficult than binary classification

4. Investigate different ways of visualizing results — There are many ways to improve upon the
basic result reporting, for example by bar charts, line graphs, etc.

5. Real-time classification of video — Train the machine and then have it classify a video of a
person performing various expressions continuously. This requires automatic landmarking
to work and a suitable framework for dealing with video. Probably very difficult

Work to be undertaken & Difficulties to overcome

e Familiarizing myself thoroughly with Support Vector Machines, their operation, the necessary
mathematical underpinnings and how they are implemented in practice. This will require a
considerable amount of time and involve reading scientific papers and other literature

e Expanding my knowledge of Java to cover graphical application programming and the aspects
of data conversion required by the project
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e Acquiring knowledge & programming skills required to understand and implement the nec-
essary image processing components

e Learning about standard techniques related to computer processing of faces, e. g. landmark
placement, absolute feature position & displacement vector analysis, etc.

Plan of Work

The following timetable gives the overall schedule for the project. As suggested, it is divided into
work packages, each a fortnight long:

10 October — 25 October Michaelmas Term

- Project Idea

- Contacting Supervisor

- Investigate Resources Required
- Writing Project Proposal

Milestones: - Project Proposal
- Submission of Project Proposal
- Approval by Overseers

26 October — 8 November
- Reading Literature on SVMs

- Investigate available SVM implementations & choose one

- Investigate possible image processing libraries to be used and their ex-
tensibility (e. g. for their use in automated landmarking)

- Setting up development environment / backup provisions

- Acquiring face image data

- Write ‘toy’ programs that perform simple interaction with an under-
lying SVM

Milestones: - Good understanding of SVMs
- Reasonably good idea of the interaction of chosen SVM module with other
software components and SVM input format

9 November — 22 November
- Devise first draft of architectural design of application

- Brush up on Java GUI programming knowledge

- Decide on appropriate data structures for each component & establish
how data should be converted

- Get to know image handling libraries to be used (loading, etc.)

- Write rudimentary landmark placement code

- Finalize overall and component design

Milestones: - Overall & component design diagrams and spec. Major interface classes
between components

- Understanding and feel for image processing part of project, some sample
programs
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23 November — 6 December

Milestones:

- Implement a rudimentary draft of the GUI

- Write image processing (loading, landmark placement, etc.) and data
acquisition code (e. g. how to get numerical values from landmarks)

- Write engine to convert from landmarks or displacement vectors to
SVM input

- Write foundation (‘glue’) that links major components together

- Working user interface for landmarking
- Landmark-to-SVM-input conversion engine
- Integrated SVM, accepting converted data from engine

7 December — 15 January

Milestones:

Christmas Vacation
- Girlfriend & family time
- Eat, sleep, relax, revise

- If time available, do some code tweaking and reflection on project

- Get something good from Santa

16 January — 31 January

Lent Term

- Code training and querying functionality into application

- Implement rudimentary reporting of results from SVM to application
- Improve user interface

- Test simple output from SVM for correctness (components work to-
gether so far)

- Write Progress Report & prepare presentation on status of project

Milestones: - Submission of Progress Report
- Core functionality components integrated in application
| 31January Progress Report Submission Deadline

1 February — 15 February

Milestones:

- Implement classification result reporting & visualization
- Implement user-definable classification classes for training
- Improve integration of major components of application, cleanup

- Overall application integrated, working

15 February — 28 February

Milestones:

- Debugging & extensive system testing

- Experimentation & gathering of performance data

- Implement extension if time allows

- Start work on Introduction & Preparation Chapters of dissertation

- Final implementation ready

- Some evaluation data from application gathered for inclusion in disser-
tation

- Extension(s) possibly implemented

- First part of dissertation written

1 March — 14 March

Milestones:

- Writing Implementation & Evaluation Chapters

- Second Part of dissertation written
- First draft of dissertation complete
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APPENDIX D. ORIGINAL PROJECT PROPOSAL

15 March — 25 April

Easter Vacation

- Revision
- Perhaps work on dissertation

26 April — 9 May

Milestones:

Easter Term

- Submission of dissertation to supervisor
- Feedback from supervisor

- Preparation of diagrams & appendices

- Proofreading of dissertation

- Final review & submission of dissertation

Final version of dissertation handed in

10 May —16 May

Milestones:

- Slack time in case of printer failure, illness or other delays

- Final version of dissertation handed in in case of unforeseen delay

| 16 May

| Dissertation Submission Deadline

This schedule leaves enough slack time to accommodate illness and other unforeseen circum-

stances.
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