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ABSTRACT
Although speech and gesture recognition have been studied extensively, acquisition of
spontaneous coverbal gestures remains a challenging problem. One of the reasons is a
poor recognition rate of continuous, unrestricted gesticulation. Previous attempts of
combining gestures and speech in a multimodal framework for mutual disambiguation
were mostly semantically motivated, e.g., keyword-gesture co-analysis. Such top-down
scheme of co-analysis for improving visual gesture recognition is associated with the
inherent complexity of natural language and gesture understanding. This work aims to
explore a qualitatively new level of cross-modal correlation in a computational
framework that does not rely on deep semantic understanding. It is based on presumption
that prosodic manifestations in spontaneous gesture and speech co-production can bridge
the gap between visual and acoustic signals. While spoken prosody is well defined and
includes intonation changes, pauses, speech rate, and etc., gestural prosody remains
unexplored. Current methodology employs a segmental approach to represent continuous
gestures as a sequence of kinematically distinct primitives extracted from the visual
signal of moving hands and head. There are two main part of the thesis: analysis of
deictic gestures and analysis of conversational gestures.
In the first part, prosody based co-analysis of audio and visual signal is
investigated at two different levels, namely, physiological and articulation. Phenomenon
of physiological constraints in multimodal production is defined in a feature-based
integration framework using Hidden Markov Models (HMMs). Co-articulation is
analyzed using a Bayesian network of naïve classifiers to explore alignment of
intonationally prominent speech segments and hand velocity. A weighted fusion scheme
is applied for combining the decisions of the two co-analysis models. Results indicate
that both levels of co-analysis uniquely contribute to detection and disambiguation of
kinematically defined gesture primitives, which subsequently improves the performance
of continuous gesture recognition. The efficacy of the proposed approach is demonstrated
on a large database collected from the Weather Channel broadcast.
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In the second part, an audio-visual HMM formulation is proposed for the analysis
of spontaneous gesticulation. The visual signal is augmented by the derived features from
the analysis of vocal perturbation during concurrent beat-like gestures. The framework is
successfully demonstrated on a large corpus of natural presentation monologues. This
approach can be potentially applied for biometrics, natural gesture synthesis, analysis of
complex collaborative behavior.
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Chapter 1

Introduction

Undoubtedly, speech is one of the most important communication modalities1. In a
conversation it is the main source of information. However, natural communication often
is not limited to the verbal exchange. People tend use a wide range of nonlinguistic body
motions in the process of speaking. Visible, nonverbal manifestations include hand
gestures, head movements, body postures, facial expressions, eye gaze, lip movement,
etc. Although most of them are linked to speech, they have distinct roles in human-tohuman communication. For example, lip motion as a part of vocal production provides
close correlation between observable movement and produced sounds. Similar
manifestations can also occur during fingerspelling for individuals with either partial or
normal ability to vocalize sounds (e.g., sign language interpreters). In this special case of
sign language production, speakers tend to co-articulate signed letters and spoken
phonemes. In contrast the relationship between body postures and gaze with speech is
less definite. In a conversational discourse between a speaker and a listener the
correlation of the modalities can be abstracted to the level of attention shifts and turntaking behavior [1, 2]. In spite of the myriad of multimodal relationships, these
evolutionary correspondences play significant roles in facilitating face-to-face
interactions. For instance, in noisy environments listeners tend to rely more heavily on
the visual cues such as lips and gestures to decode the message, and speakers try to
amplify their visible articulation. Such an intricate interdependency of multimodal

1

In this text the term modality refers to a separate, informative channel that is associated with human
means of communication: eye movements, speech, gesture, etc. However, in general, it may also refer to
cognitive or physiological activity measurement.
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perception and production is absolutely an attribute of human communication cf. [3, 4].
That is what makes that communication so effortless and expressive at the same time.
Today, the meaning-based approaches remain the main focus of psycholinguistic
research in drawing parallels between gestures and speech, e.g., [3, 5-8]. However,
developments in phonology [9, 10] and later in automated speech understanding and
synthesis, e.g., [11, 12] have motivated active research on paralinguistic characteristics of
speech. In spontaneous communication, these are various prosodic cues that determine
voice quality, emotion, and speaking style. Speakers naturally manipulate intonation,
tempo, loudness, and pause duration to achieve desired expressiveness, cf. [11].
However, prosody-like articulations are easily distinguishable in nonverbal modalities as
well. They manifest in facial expressions, eyebrow movements, gaze and eye movements,
eye blinks, gestures, head nods, and even in body postures. Unlike speech prosody, the
elements of which have been thoroughly defined, cf. [13], a notion of “visual” prosody
has not been developed.
Recent advances in speech and computer vision technologies have become a
motivation for untangling the intriguing web of verbal and nonverbal inter-relations.
Although there is a significant body of research that has been accumulated in
psycholinguistics, computational approaches are starting to dominate the research agenda
by allowing qualitatively new levels of analysis and application. The aim of this work is
to outline a computational perspective for using concurrent speech information to
improve visual analysis of natural gestures. This thesis presents a belief that gesture
understanding is not just another pattern recognition problem. It requires a formalized
approach to establish what constitutes a computable multimodal pattern in natural
coverbal gesticulation.

1.1 Gesture Acquisition and Synthesis Applications
In combination, gesture and speech constitute the most important modalities in every day
communication. People use an uncounted number of hand gestures to manipulate, to
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describe, to reference, to mimic, to sign, to express, to reflect, and so on. In fact, formal
studies have shown that gesture is an efficient mean for coping with the complexities of
visual world [14]. However, gestures cannot substitute for spoken language in many
instances such as describing color and smell. Motivated by this, there has been a
considerable interest in incorporating both gestures and speech as the means for HumanComputer Interaction (HCI), cf. [15]. Empowering computer users to communicate the
way they are accustomed to in face-to-face setting has a great potential for more effective
HCI.
Part of the reason for the slow progress of gesture-based HCI was the lack of
sensing technology that would allow non-invasive acquisition of human gestures.
However, availability of abundant processing power has contributed to making computer
vision based gesture acquisition feasible in real-time. Although HCI has been the initial
reason for developing gesture and body motion acquisition, there are a few emerging
areas such as biometrics and animated character synthesis that could immediately benefit
from nonverbal behavior recognition and analysis.

1.1.1 Trends in Gesture-Based Interaction
To date, speech and gesture recognition have been studied extensively but most of the
attempts at combining them in an interface have not greatly superceded predefined signs
or rigid syntax of the original Bolt’s “put that

point

there

point

“ system [16]. Among the

recent work, Segen and Kumar [17] at Bell Laboratories investigated a vision-based
system for 3D navigation and object manipulation performed against a plain background
with stable illumination. Legible et al. [18] experimented with the 3D terrain navigation
for games using FakeSpace immersive workbench. O’Hagan et al. [19] presented a VR
workbench with the stereo cameras for capturing 3D hand position that could be used for
object rotation and manipulation. Sony has recently presented a new user interface for its
Playstation 2 console [20] with USB camera, where a stick with a green ball was tracked
allowing to sketch out a simple shapes. The use of hand as a drawing tool has been also
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experimented in the Visual Panel implemented by Zhang et al. [21] at Microsoft
Research. The system allows controlling MS Paint program. Lenman et al. [22] from the
Swedish Royal Institute of Technology (KTH) implemented a menu testbed where a user
can control appliances, such as TV set, lamp, and etc., with the hand signs. Other
examples of the manipulative gestures include systems by Sato at al. [23] and Bretzner et
al. [24]. The latest efforts in computer vision include near real-time algorithms for
articulated body posture tracking developed at MIT for acquisition of referential gestures
[25]. A multi-screen desktop system, GWindows, was recently demonstrated by Wilson at
al. [26] at Microsoft Research which included an inexpensive stereo camera setup for 3D
hand tracking. Today, robustness of the tracking algorithms still remains a major
problem. It largely explains why most of the existing applications utilize predefined set of
gesture signs, often limited to the pointing, or replicating functionality of the computer
mouse.
While coverbal gesticulation between humans is virtually effortless and
exceedingly expressive, “synthetic” gestures, which often incur extraneous devices, tend
to inflict excessive cognitive load on a user [22, 27] consequently defeating the purpose
of making HCI natural. Spontaneous, natural gesticulation where a user is not confined to
the artificially imposed gesture signs is one of the most attractive means for HCI [28].
However, complexities associated with acquisition of natural gesticulation and lack of
understanding of how gesture and speech relate to each other, in general, have been
delaying its application to HCI. To date, attempts to incorporate coverbal gesticulation
have been addressed in a few multimodal frameworks. Sharma et al. [29] explored a
bimodal interface integrated in a visualization environment for biology, where interaction
with 3D objects occur through both spoken words and simple hand gestures. Sowa et al.
[30] at the University of Bielefeld proposed a symbol-based (emblematic) temporal
integration of spoken keywords and glove-based gestures for Virtual Construction
testbed. A recent implementation of an Augmented Reality testbed, MAVEN, included a
syntactic multimodal parser with time constraints on simple gesture commands from
electromagnetic sensors [31]. SmartKom alliance presented a simple gesture set acquired
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from an infrared camera that was used a dialog system for reference resolution [32].
iMAP, a vision-based framework for interaction with large screen displays has been
evolving over the past four years at the Pennsylvania State University [33-36]. Its
distinguishing characteristic from other successful gesture-speech implementations was
the inclusion of recognizable gesture primitives derived from natural hand movement in
Weather Channel broadcast [37]. The primitives later were combined with speech, based
on the temporal alignment within annotated bimodal grammar constructs. Figure 1-1
shows an application of the gesture-speech framework for interaction with geospatial data
[36].

Figure 1-1: An example of vision-based gesture acquisition for a multimodal interface.
DAVE_G system employs gesture and speech recognition algorithms for interaction with
geospatial information.
In spite of the growing interest in gesture-based multimodal systems the
researchers have been mostly avoiding inclusion of natural gestures and “engineering”
artificial signs. There are two main reasons for that. First the robust tracking frameworks
have not reached the video frame rate speeds, e.g., [25, 38]. Although it will not be long
before Moor’s law prediction catches up. Second, lack of understanding of natural
gesture movements, variability of their forms, meaning, and relationship to speech
became a real milestone for pattern recognition. Inability to exploit the power of
nonverbal behavior explains the resistance of their inclusion in the past for collaborative
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and ubiquitous2 computing frameworks. Currently there are several initiatives to explore
coverbal gestures as a part of collaborative automated meeting analysis [39, 40].

1.1.2 Prospects for Behavioral Biometrics
The recognizable and unique features in fingerprints [41-47], voice [48], eyes [49], gait
[50-53], and faces [45, 54] have been traditionally explored for biometrical
authentication. Recognizing a user based on voiceprints, commonly known as speaker
recognition has improved significantly over the last few years [48]. In fact, recent results,
e.g. [55], favors the speaker recognition over the fingerprint and other physiological
biometrics. Today, modern approaches in conversational biometrics usually combine
voice print information with the way people use their vocabulary, intonation, and
speaking rate [56-58].
Lack of understanding and complexity of vision-based frameworks for nonverbal
behavior analysis have prevented its exploitation for biometrical recognition. To date,
interest in gestural kinematics for biometrics has been primarily limited to online
signature verification systems [59-62]. Most of the current work in nonverbal behavior is
related to the personality characteristics. Studies with interactive characters [63] showed
that people can successfully match introverted and extroverted types relying on verbal
and non-verbal cues [64]. For example, an extroverted person uses gestures that are
expansive and may approach other people more readily, whereas an introvert keeps limbs
close to the body and avoid approaching [65]. Face-to-face communication studies
showed that spontaneous gestures acquire large variety of shapes, especially in the form
of the hand, e.g.[7]. Frequent in narration, gestures that refer to abstract speaker’s notions
are usually very particular to that individual, cf. [3]. Figure 1-2 illustrates a video
sequence where an impersonator unsuccessfully trying to mimic other people’s gestures

2

A vision of future computer technology, which will be always present but invisible in everyday tasks.
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while speaking. Instead, the imitator’s tendency of using a particular movement is clearly
observable in two different examples.
In addition, motivation for using nonverbal communication becomes apparent
when the quality of the audio-visual signal and purposeful disguise (Figure 1-2) do not
allow other methods such as face recognition or voice authentication. Despite the
richness of nonverbal behavior, its inconsistency of forms and the dependency on the
speech content were one of the main milestones of exploring it in biometrical analysis3.

Figure 1-2: An example for a potential application of coverbal gesture analysis in
biometrics: Former president George Bush (top row) giving a speech, the comedian Dana
Carvey imitating Bush’s manner of speaking and gesticulation (middle row), and Carvey
imitating Ross Perot (bottom row). It can be observed that while there is a clear distinction
between gesture patterns of top and middle sequences, the imitation of different people
(middle and bottom) prompts similar gestures.

3

To the author’s knowledge there is no successful computational framework exists today that would
exploit coverbal gesticulation for biometrical recognition.
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1.1.3 Prospects for Gesture Synthesis
Animated conversational characters are increasingly used in a wide range of different
applications including virtual environments for education, e.g.,[66, 67], games and
storytelling, e.g., [68, 69], in e-commerce applications, e.g., [70], and etc. While audiovisual speech synthesis has achieved a naturally perceived level, e.g., [71, 72], automatic
gesture generation remains an area of active research, e.g., [2, 73, 74]. Currently, most of
the animation is left to the designer’s imagination to represent coverbal actions such as in
[75]. Figure 1-3 shows a virtual drama sequence where the personage’s gestures are used
to indicate the conversation [69]. In such environments with low resolution, rendering lip
movement is neither always possible nor effective. Similarly to existing applications for
audio-visual speech synthesis, e.g., [76], it would be desirable to automate the process for
computing gesture dynamics based on the prerecorded voice characteristics or text-tospeech input. To simulate such behavior one would need a computational model of
gesture and speech co-articulation as a function of emotional context. Today such
functionality has been considered for inclusion into an utterance mark up language for
gesture generation at the University of Bielefeld [77, 78].

Figure 1-3: An example for a potential application of coverbal gesture analysis in
animated character synthesis: The expressiveness of gestures can be automatically
“adjusted” based on the characteristics of prerecorded voice or text-to-speech settings.
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1.2 Milestones of Automated Gesture Understanding
As it was demonstrated earlier, the demand for the robust processing of nonverbal
behavior, gestures in particular has surpassed our understanding about it. The isolated
development of computer vision and pattern recognition, in general, has contributed in
reaching the ceiling for gesture recognition accuracies. Traditional “gesture” modeling in
the vision-based analysis was mostly subdued to predefined signs symbolic arm
movements. Although accuracy of the isolated sign recognition has achieved 95-97%,
e.g., [79, 80], the accuracy of the continuous gesture recognition in an uncontrolled
setting is still very low, e.g. [37, 80, 81].
Natural gesticulation is a complex phenomenon (cf. Chapters 2 and 3). The
meaning of coverbal gestures is formed by spoken and spatial content (for gestures of
concrete, cf. [3]) or spatial manifestation of a gesturer’s ideas (abstract gestures). Gesture
recognition per se is not the complete solution for understanding the nature of
gesticulation; but it is a useful starting point and an “objective measure” of how much we
know about it. The following are the milestones in modeling spontaneous gestures for
recognition.

1.2.1 Predictability of Gesture Kinematics?
A number of techniques have been proposed to improve kinematical (visual) modeling or
segmentation of gestures in the traditionally applied Hidden Markov Model (HMM)
frameworks, e.g., [80, 82-85]. However, it is uncommon that gestures carry most of the
meaning in a natural, multimodal utterance. Instead, they tend to complement the
concurrent speech, e.g., [3, 86]. In addition, interpersonal variability of how and when
people prefer to use hand gestures makes it more chaotic. Consequently, any model that
relies solely on kinematical prediction will be inherently prompt for errors.
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1.2.2 Consistency of Multimodal Patterns?
Multimodal co-analysis has an attractive prospect of improving coverbal gesture
recognition by considering the concurrent information supplied by speech. Oviatt et al.
[87] found that pen-based gestures can be associated with word references in speech.
Although the linguistic patterns significantly deviated from the one in canonical English
[88], co-occurrence patterns have been found to be effective in improving the recognition
rate of each of the modalities. Previous studies of the Weather Channel TV broadcast
[37] and a campus map narration within iMAP framework [33] have also shown some
improvement in gesture recognition when they were associated with set of keywords.
However, besides the ambiguity of word-based associations, users tend to have different
multimodal strategies and aptitudes, which are reflected on the temporal alignment of
hand/pen gestures with spoken words, e.g., [89, 90]. Overall, multimodal synchronization
is useful but there are lots of factors that can cause irregularities in the temporal
alignment between the modalities. What multimodal features are stable enough to be
generalized across the population and what features are potential indicators for biometrics
are the fundamental questions in multimodal research.

1.2.3 Simplicity of Knowledge Based Approach?
Using word-gesture based association is probably one the most challenging problems. It
is associated not only with natural language but also with gesture understanding.
Figure 1-4 presents general levels of gesture-speech processing algorithm. The
knowledge-based approach (bottom-up) would require finding meaningful gesture-speech
correspondence based on their semantics and then use that information to improve the
gesture hypothesis at the recognition level. The inherent complexity structural language
modeling, e.g., [91-93], and ambiguity of natural gestures that do not exhibiting one-toone mapping of form to meaning [3], makes this approach computationally intractable in
a reasonable time. For instance, the same gesture movement can exhibit different
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meanings when associated with different parts of speech and at the same time, a number
of gesture forms can be used to express the same meaning. Resulted computational delays
may be a significant factor in affecting the performance in HCI [94]. Not surprisingly, the
issue of speech processing for natural gesture recognition continues to be a hard problem,
e.g., [33, 94-97], or applicable only within a well-annotated (limited) context in HCI, e.g.,
[31, 34-36]. Though the spoken context is extremely important in the understanding of a
multimodal message and cannot be replaced, the complexity (many-to-many mapping) of
top-down methodology is hardly applicable for automated analysis in unconstrained
settings.

Figure 1-4: A schematic representation of multimodal integration levels for coverbal gesture
processing. A top-down approach is based on meaningful associations between gestures and
speech, other contextual information for improving gesture recognition. A bottom-up
perspective involves a signal-level co-analysis between features extracted from audio-video
signals which do not rely on speech recognition and natural language processing.

1.3 A Bottom-Up Perspective for Coverbal Gesture Analysis
Studies in human-to-human communication, psycholinguistics and other fields have
already generated a significant body of research on spontaneous nonverbal
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communication. However, they usually consider a different granularity of the problem. In
addition, neural psychology has just begun addressing speech production issues, cf. [98],
but has not yet reached the “multimodal perspective”. Lack of understanding about
underlying mechanisms of gesture-speech production has restricted the existing
multimodal implementation to the gesture-word level co-analysis. The goal of this work
is to introduce a prosody-based gesture and speech co-analysis in an exploratory bottomup framework (Figure 1-4). The focus is to investigate usefulness of prosodic features in
speech such as pauses and intonational correlates for forming multimodal patterns with
gesture kinematics and consequent disambiguation of vision-based gesture analysis.

1.3.1 Main Hypothesis
The main hypothesis is that prosodic manifestations in gestures and concurrent speech
can be considered as the basis for a signal-level, multimodal co-analysis. The resulted
temporal alignment pattern is likely to be a contribution of the communicative effort to
synchronize the gesture-speech co-expression and the antagonistic effect of
psychophysiological constraints.

1.3.2 Thesis Outline
The document is organized as follows. Chapter 2 presents motivation from a point of
view of a segmental representation of continuous gestures and known issues of gesture
and speech co-production from psycholinguistic research. Motivated by articulation
phenomena of coverbal gesture production, chapters 3 and 4 outlines computational
framework and methods to explore two levels of prosodic synchronization. Chapter 5
defines physiological constraints in a feature-based integration framework using Hidden
Markov Models (HMMs). Co-articulation analysis employing a Bayesian belief network
of naïve classifiers to examine co-occurrence of prominent speech segments and hand
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velocity is presented in Chapter 6. A weighted fusion scheme to combine the decision of
two co-analysis models is shown at the end of Chapter 6. Chapter 7 presents results of coanalysis in Weather Narration domain within the framework for gesture recognition.
Chapter 8 proposes framework for spontaneous gesture analysis within an HMM-based
framework that utilizes information of speech perturbations during gesture-speech
production. Chapter 9 presents the results of the spontaneous gesture analysis. Finally,
Chapter 10 concludes the findings of this work, contributions, and underlines immediate
future work.

Chapter 2

Related Work in Gesture Understanding

The state of the art in continuous gesture recognition is still far from meeting the
“naturalness” of conversational gestures. As it was shown in Chapter 1, robust gesture
recognition is critical for satisfying the demands of emerging areas. This chapter offers a
review of the most relevant findings in psycholinguistics and automated gesture analysis.
The first part of this review introduces basic categories of coverbal gestures and their
specific relationships to concurrent speech. The second part presents a brief review of the
state of the art in gesture recognition.

2.1 Role of Gestures in Communication

Among all the nonverbal modalities hand gestures are the most expressive means of
communication after the facial expressions. People use a large variety of gestures to
convey what cannot always be easily expressed by speech. Unlike sign language that is
purposefully used for communicating the meaning, cf., [7], coverbal (co-speech) gestures
are produced spontaneously in the context of speaking. Their role in conversation has
been under the debate in psycholinguistics for more then a decade. In addition to
conveying various information to a listener [8], coverbal gestures also seems to be
helping a speaker in message production and conceptualization [99-102]. On one account
gesture is thought to play an active role in lexical access, particularly for words with
spatial content [99-101]. It is thought that spontaneous gestures that are common in face-
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to-face settings help speakers formulate coherent speech by aiding in the retrieval of
elusive words from lexical memory. Krauss [101] has argued that evidence for a lexical
function of gestures can be found in four kinds of data: differences in the gestures that
accompany rehearsed and spontaneous speech; the temporal relation of speech and
gestures; the influence of speech content on gesturing; and the effects of preventing
speakers from gesturing. On an alternative account, gestures may be involved in the
conceptual planning by “packaging” spatial information into units appropriate for
verbalization [3, 103]. In any case, it is evident that there is an intricate mutual
dependence between gestures and speech at the production level.
Most of the current views in psycholinguistics agree that gesture manifestations
have meaning connections to the concurrent speech at the semantic, pragmatic, and
discourse levels, cf. [3]. However, unlike speech, gestural organization does not follow a
linear structure [3, 7, 86]. In speech this organizational property is translated in a finite
number of sounds (phones) constituting words, then words making up a sentences, which
eventually can be organized in a topic, and etc. The absence of such property and
interdependency with individual conceptualizing abilities make gestures a very
expressive medium attributed with virtually unlimited number of forms and shapes. In
fact, this makes automated gesture understanding an immensely complex problem.

2.1.1 Types of Coverbal Gestures
In gesture-related research, there has been a constant attempt to categorize human
gestures. The most commonly referred classifications today are Efron’s [104], Ekman
and Friesen’s [105], Kendon’s [106], and McNeill’s [3]. Most of the defined classes have
overlapping definitions. McNeill’s definitions seem to be the most appropriate in the
context of this thesis. He distinguishes four major types of gestures by their relationship
to the speech: deictic, iconic, metaphoric, and beats.
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Deictic4 gestures are used to direct a listener’s attention to a physical reference in
course of a conversation (Figure 2-1). In face-to-face conversation these gestures mostly
are limited to the pointing in and often used in a reference to the imaginary placeholder.
Iconic gestures have close relationship to the semantic content of speech. In McNeill’s
definition, the iconicity of gesture is determined by exhibiting the aspects of the same
scene described by speech, see Figure 2-1. Metaphoric gestures are associated with
abstract ideas. Similar to iconic gestures in pictorial manifestation, they represent a
metaphor of the speaker’s idea or feeling about a concrete concept (Figure 2-1). Unlike
the previous types, beats (Figure 2-1) are not associated with particular meanings, they
occurs with the “rhythm” of the speech, on stressed syllables. Beat gestures are possibly
the most spontaneous and the smallest hand movement resembling to flicks.

2.1.2 Relationships between Gestures and Speech
Although the extent to which gestures serves a communicative function is presently a
matter of some controversy e.g., [8, 100]. Although there is accumulating evidence that
communication is not the only function such gestures serve, it is important to understand
their function in the speech context. This section will further review complementarities
and redundancies between gestures and speech from the perspective of their joint
contribution to multimodal utterances.
McNeill [3] distinguishes different levels of how gestures and speech relate to
each other. He highlights three levels of synchronization: phonological, semantic, and
pragmatic. Phonological synchronization was defined by Kendon [86], he states that the
stroke (most emphasized and meaningful part of the gesture) tend to precede or end at,
but does not follow the phonological peak syllable in speech. At the semantic level

4

Deictic- from Greek, deiktiko`s, serving to show or point out
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An example of deictic gesture – pointing:
point

"... here in Orlando and Jacksonville ..."

An example of iconic gesture that shows a “rolling off”
conceptualization:
gesture

"... when revenue rolled off ..."

An example of metaphoric gesture that symbolizes
“everything” that speaker has discussed so far:

"... and

gesture

what I have discussed ..."

An example of two consecutive beat gestures that mark the
tonal stress in the voice:
beat

"... thEre is no

beat

rEAson ..."

Figure 2-1: Categories of coverbal gestures as differentiated by McNeill [3]. The trajectory

of moving hand is shown in dotted line.
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speech and co-occurring gesture are thought to reflect the same idea and supply
complimentary information. The pragmatic synchrony implies that speakers are limited
to one reference at a time. Ones a reference with abstract pictorial gesture was “assigned”
to a particular concept, it will prevent the speaker of using the same gesture for another
concept.
Deictic gestures have a strong semantic level synchrony. It complements the
speech by providing or resolving references. This type of gestures is rarely addressed in
psycholinguistics, but HCI it represent roughly 90% of all the existing gesture-based
interface designs. From our previous studies, in the computerized map domain [107],
over 93% of deictic gestures were observed to co-occur with spoken nouns, pronouns,
and spatial adverbials (“here”, “there”, “this” , and etc). The co-occurrence analysis of
the weather narration domain [37] revealed that approximately 85% of the time when any
meaningful strokes are made, it is accompanied by a spoken keyword mostly temporally
aligned during and after the gesture. The implication of this was successfully applied at
the keyword level co-occurrence analysis to improve continuous gesture recognition in
the previous Weather Narration study [37]. Phonological synchrony is not clearly defined
for the pointing and it is a subject of this study. The pragmatic synchrony does not have
grounds within the deictic gestures due to their concreteness of form.
Iconic gestures are mostly coexpressive with speech at the semantic level by
sharing the same idea [3]; see example in Figure 2-1. However, they also supply
complementary description to speech. In the given example, “when revenue rolled off…”
the speaker also shows that it leveled and stopped from plunging. At the phonological
level, Kendon [86] observed that if the phonological synchrony is threatened by an earlier
gesture, the speaker will tend to cease the movement and wait for cohesion. Metaphoric
gestures are similar to iconic but intrinsically more complex by manifesting abstract
ideas. Unlike the iconic gestures that create a similarity to object/event, metaphoric
gesture has to include two things [108]. There should be a concrete component (base),
which is similar to iconic representation, and a referent to the concept. Figure 2-1
illustrates base as being the circle gesture meaning “everything” and a referent “what I
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have discussed”. Most of the existing work in iconic and metaphoric gestures considered
the discourse function that those two categories play in the relationship to the speech.
Recent studies by McNeill [5], for example, indicate that a discourse theme will produce
gestures with recurring features. This recurring features (catchments) offer clues to the
cohesive linkages that run through a discourse to reveal the larger discourse units. Quek
et al. has also shown the role of hands symmetry [109] and change oscillations [110] on
changes in discourse structure.
Instead of carrying propositional meaning, beat gestures are extranarrative. As
McNeill explains, speakers can operate on one of at least three levels. The first is
“narrative”, in which the speaker is relaying simple, chronological events of the story line
itself. The second is metanarrative, in which the speaker explicitly conveys information
about the structure of the narrative, by talking about the story. Examples may include the
introduction to the story, or backtracking to fill in previous events. Finally, in the
paranarrative role, the speaker steps out of the storytelling role altogether, and interacts as
fellow conversant with her listeners. The specific contribution of beat gestures, according
to McNeill [3], is to signal that the speaker is shifting from one of these narrative levels
to another. The utterance doing the “shifts” may contain several beats (Figure 2-1).

2.2 State of the Art in Gesture Recognition
To date, gesture and speech recognition has been studied extensively but the current state
of the art of both remains very sensitive to the issues of natural communication. The
algorithms have to cope with the observation of events that are exhibit some randomness.
The uncertainties of the structure and production of natural communication and a
constant feedback-adjustment loop of how we perceive our own speech and gestures
makes them hard to cope with from the perspective of simple probabilistic models. There
are many traditional and emerging techniques that enable learning complex phenomena.
The areas that deal with time series patterns are currently dominated by the Hidden
Markov Model (HMM) and related solutions, cf. [111].
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Typically, trained Hidden Markov Models of each defined gesture class are used
to compute each HMM similarity to a novel input sequence. The input sequence would
usually include hand/body position data derived using computer vision tracking
techniques. If the similarity to any gesture is above some preset threshold or simply the
most likely, the model’s class is chosen to represent the novel sequence. A problem with
such application is usually to determine the starting point without classifying the entire
sequence up to the current time.
One solution is to use dynamic programming, HMMs or Dynamic Time Warping
(DTW), to match the sequence against a model from all possible starting times of the
gesture to the current time. The best starting time is then chosen from all possible starting
times to give the best match average over the length of the gesture. Darrell and Pentland
[112] used DTW to match image template correlation scores against models to recognize
hand gestures from video. Later, Bobick and Wilson [84] represented gesture as a
deterministic sequence of states through some configuration of feature space, and
employed a DTW parsing algorithm to recognize the gestures. The states were found by
first determining a prototype gesture from a set of examples, and then creating a set of
states in feature space that spanned the training set. An implicit solution for sequence
modeling was proposed by Yamato used HMMs to recognize tennis strokes [113].
Schlenzig, Hunter and Jain [114] used HMMs and a rotation-invariant image
representation to recognize hand gestures from video. Starner and Pentland [115] applied
HMMs to recognize sign language sequences.
A significant improvement in the gesture modeling was introduced when by
considering the effect of a systematic variation of the gesture kinematics on the
underlying representation. Wilson and Bobick proposed explicit modeling using
parametric HMMs (PHMMs) [116]. For a two hand gesture Brand et al. [117] used
coupled HMMs to model asynchronous two handed Tai Chi movements. In this schema
two HMMs representing the two data streams were linked by the neighboring states in
both streams. One of the few relevant works where gestures were combined with speech
was implemented by Poddar et al. [37]. He used keyword association between HMM-
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based gesture models to improve the gesture hypothesis in the Weather Channel
broadcast analysis. The reported accuracy was 67.7%. Pavlovic [118] attempted to model
acoustic speech signal and manipulative hand movements in a coupled HMM framework.
The results showed marginal improvement still resulting in 22.5% of misclassifications
for artificially defined gesture vocabulary for an interactive interface. The author
concluded that a semantic-level gesture-speech fusion framework should be more
favorable.

Chapter 3

Motivation for a Prosody Based Approach

Gesture recognition is the integral and one of the most important parts of the natural
gesture understanding. The state of the art of the continuous gesture recognition is not yet
ready to undertake the challenges of the natural behavior. One of the main reasons is the
inherent limitation of the vision-only based classification. The spontaneity and variability
of forms of natural gesticulation is challenging and somewhat impossible problem for
pattern recognition. However, their relationships to speech (cf. section 2.1.2) provide an
attractive prospect of improving automated gesture understanding. Nevertheless, the
existing

studies

in

psycholinguistics

have

mostly

explored

gesture-speech

correspondences from either semantic synchrony or discourse level perspective, e.g., [3,
5, 119]. First, this chapter demonstrates the complexity of finding deictic gesture-word
associations (top-down approach, see Figure 1-4). Second, a prosody-based (bottom-up)
perspective is introduced with aim of discovering multimodal relationships that could be
used to improve visual analysis. In particular, it is focused on deictic gesticulation and
spontaneous beats as a part a systematic approach.

3.1 Understanding Deictic Gestures
Although there is a significant body of the research has been accumulated in gesture
research, considerably less work exists in relevance to gesture and speech
synchronization.
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It is evident that stronger ties to joint production would results in closer coupling
between verbal and nonverbal channels. In general, closeness of couplings between the
modalities can be described through their redundancy and complementarity
characteristics. The level at which these characteristics are observable determines the
utility of multimodal relationships. More redundant channels are usually exploited for
mutual disambiguation, e.g., audio-visual speech recognition [95, 120-122].
Previously, comparative analysis of both domains indicated that the meaningful
gesticulative acts have similar kinematical structure and co-occurrence patterns of
gestures with keywords. As previously, virtually unlimited bimodal data of the Weather
Channel broadcast is utilized to establish prosody-based co-analysis framework.
Complexity of the addressed topic dictates upon the introduction of a structured
approach. A segmental approach for representing continuous deictic gestures is
considered in the next subsections.

3.1.1 Kinematics of Continuous Gestures
A continuous hand gesture consists of a series of qualitatively different kinematical
phases such as movement to a position, hold, and transitional movement. Kendon [4] has
organized these into a hierarchical structure. He proposed a notion of gestural unit
(phrase) that starts at the moment when a limb is lifted away from the body and ends
when the limb moves back to the resting position. A simple gesture movement usually
consists of preparation-stroke-retraction primitives. The stroke is distinguished by its
peaking effort and constitutes the meaning of a gesture [4].
After extensive analysis of gestures in Weather domain and iMap [33, 37] the
following strokes have been considered: contour, point, and circle. For the auxiliary
movements preparation and retraction Kita [123] suggested that a post-stroke hold was a
way to temporally extend a single movement stroke so that the stroke and post-stroke
hold together will synchronize with the co-expressive portion of the speech. It is thought
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that a pre-stroke hold is a period in which gesture waits for speech to establish cohesion
so that the stroke co-occurs with the co-expressive portion of the speech. Therefore, in
addition to the previous definitions [33, 37] hold has been also included as a kinematical
primitive.
When a kinematical model is created for every primitive a particular pattern of hand
velocities and accelerations serves critical role in distinguishing between them. A
primitive is usually composed of one or more movement phases. In cognitive motor
control those phases are thought as the result of a complex underlining mechanism of
hand-eye coordination, which is involved during the aimed limb movements, cf. [124,
125]. Two movement phases are usually considered. The ballistic (initial-impulse) phase
characterized by the rapid continuous change of position as it covers most of the
designated distance. The eyes during this phase, which is usually is not modified once it
has began, were found not have immediate influence on the movement pattern, cf. [124].
After the initial impulse a hand enters the guided (error-correction) phase to minimize
any positional discrepancies. This phase usually involves use of visual information and
typified by the discontinuities in position and velocity of the limb. Figure 3-1 shows these
phases distinguished on a well-articulated pointing stroke. Since the gesture primitives
serve different purpose we would expect presence of various combinations of ballistic
and guided phases. Hence, the classification problem of the gesture primitives becomes a
problem of finding an appropriate combination of movement phases. The significance of
such decomposition will become more apparent in the following section when we will
present gesture and speech synchronization.

3.1.2 From Kinematics to Semantics of Deictic Gestures
Both psycholinguistic (e.g., [3]) and HCI (iMAP [107]) studies suggest that deictic
gesture strokes do not exhibit one-to-one mapping of form to meaning. Previous
experiments showed that semantic categories of strokes (derived through the keyword
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Figure 3-1: Different phases in a typical velocity profile (as approximated by the
hand tracking algorithm) of a pointing gesture. Movement starts with the ballistic
phase characterized by high velocity and follows by guided (error-correction) phase
that involves intensive eye-hand coordination.
associations), not the gesture phonemes per se, correlate with the temporal alignment of
keywords, cf. [107]. In this work two types of gesture strokes (phonemes) are
distinguished by their deixis. Transitive deixis is assumed when a gesture act that
references a static point in space (i.e., a city on the weather map). Intransitive act of
reference

usually

denotes

a

displacement

or

direction

of

the

movement

stroke

(i.e., "... mov ing North ..." ). Hence, a narrator can use kinematically similar contour
strokes, for instance, to denote either a spatial representation or a moving action.
Due to the homogeneity of the context and trained narrators in the Weather
domain, it can be statistically assumed (mismatch <2%) that pointing gestures are more
likely to refer to the static locations. However, some variability has been observed with
the contour strokes. Approximately 20% of the time they indicate moving action
(intransitive deixis) and the rest – static references.
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3.2 Gesture and Speech Synchronization
The issue of how gestures and speech relate in time is critical for understanding the
system that includes gesture and speech as part of a multimodal expression. McNeill [3]
distinguishes different levels of speech and gesture synchronization. At the semantic level
speech and co-occurring gesture are thought to reflect the same idea and supply
complimentary information. Our previous studies in Weather domain and iMAP [37,
107] have shown that spoken deictic markers (e.g., “here”, “there”, “this” , and etc)
aligned with a post-stroke hold that follows a point stroke (Figure 3-2). Contour strokes
tend to be co-aligned with the spatial prepositions (e.g., “through”, “towards”, and etc.).
The auxiliary preparation and retraction movements have been found to be hardly
associable with any parts of the sentence. In fact, if any of the keywords are spotted
during those gesture phases, e.g., as it is illustrated on Figure 3-2, such keyword-based
co-analysis model could cause a misclassification.
Apart from the keyword (semantic) level, recent psycholinguistic studies [126]
attempted to include elements of spoken prosody, i.e., pauses in a fundamental
frequency5 (F0) contour. This study has revealed that the gestural cues (holds) tend to
facilitate discourse analysis of the speech by identifying the intonational phrase breaks
(pauses). At the phonological level of synchronization, Kendon [4] has established that
different levels of movement hierarchy are functionally distinct in how they synchronize
with different levels of prosodic structuring in speech. For example, the peaking effort in
iconic gestures has been found to precede or end at the phonological peak syllable [86].
These findings in face-to-face communication clearly contribute to idea of a voluntary
phenomenon, which results in a multimodal co-articulation of gestures and speech. In
other words, accentuated parts of verbal and non-verbal modalities are co-expressed
together (see Figure 3-3).

5

F0 is the acoustic correlate of pitch, which is reciprocal of the time between two successive glottis closures.
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Figure 3-2: Examples of speech and gesture co-occurrence. The pointing stroke appears
not to include keywords “Jacksonville” (top) or “spots” (bottom). Instead, they are
included on following post-stroke hold. Preparation and retraction do not include any
meaningful keywords
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In addition, preliminary analysis of pitch features (F0) and hand velocity revealed some
structuring at the feature level. For example, the guided phase during a pointing stroke
tends to correspond to relative or complete inactivity in F0 contour (Figure 3-3). This
involuntary phenomena could be attributed to the availability of cognitive resources, cf.
[127], for speech production during eye-hand coordination phase of the directed hand
movement. Such phenomena could be observed during the strokes phases and possibly
during the auxiliary movements, i.e., preparation. This is an important point that shows
an advantage over the keyword-based co-analysis. Overall, synchronization patterns for
deictic gestures can be sought in the manifestation of both voluntary and involuntary
contributions of the prosodic features.

3.3 Prosody Based Perspective
To find the relationships between the nonverbal and verbal modalities we restrict current
investigation to articulatory behavior. In speech, articulation is manifested through
intonational changes, pauses, rhythm and accentuations. Neurological studies have shown
that prosodic and linguistic speech processes are separate processes which exhibit a
complementary pattern of lateralization in the intact brain, e.g., [128]. Spontaneous
gestures, head nodding, facial expressions also contain elements of “visual prosody”.
Despite large variations from person to person, patterns of head and facial movements are
strongly correlated with the prosodic structure of the text [129]. Studies in sign language
production suggests that facial expressions are used to fulfill the role of intonation in
spoken language, e.g. [130]. These findings clearly argue for prosody-based framework
to establish multimodal dependency.
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Prosodic synchronization exemplifying the voluntary (top) and
Figure 3-3:
involuntary (bottom) “factors” that affects multimodal production of gesture and
speech. In the voluntary phenomena phonological peak syllable is aligned with the
peak velocity of the hand. Involuntary phenomenon is manifested through (F0)
interruption during the guided phase of a pointing gesture
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3.4 Towards Understanding of Spontaneous Gesticulation
The main problem of spontaneous gesticulation for recognition frameworks that they are
mostly beat and iconic categories and do not have clear reference as deictic gestures.
Among the variety of coverbal gestures not all of them carry clear communicative
purpose. As it was mentioned in Chapter 2, some of the iconic gestures are thought to
participate in lexical access by aiding in the retrieval of elusive words from lexical
memory, particularly for words with spatial content [99-101]. In other words, not all the
coverbal gestures are meant to contribute information to multimodal messages.
Nevertheless, they may provide clues about speaker’s cognitive state.
State of the in psycholinguistics have mostly addressed spontaneous gestures from
the discourse understanding perspective, e.g., [110]. Although discourse analysis has a
large potential for natural language understanding, it still remains on the level of
empirical studies. To enable a computational framework to explore issues in behavioral
biometrics, natural gesture synthesis, collaborative behavior understanding, and etc.,
there is a need to define various elementary units of gesture production that would bridge
different areas.

Chapter 4

Framework for Audio-Visual Co-Analyses

To date, a significant body of the gesture related research has been accumulated. Humanto-human communication has been mostly the focus of psycholinguistic studies. Despite
different existing theories, it is agreed that spontaneous gesticulation in a conversational
setting is closely linked to speech, cf. [3, 7]. However, the majority of gestures that can
be used for manipulating a visual environment are fundamentally different from one in a
conversational setting. Spatial planning may be involved in gestures that are made in
reference to visual objects. Possible effects range from hand kinematics to multimodal
synchronization patterns. Understanding of these effects is necessary for formulating a
signal-level co-analysis. This Chapter introduces two types of data presented by Weather
Narration corpus for analysis of deictic gestures and Spontaneous Gesture corpus for
analysis of frequent conversational gestures.

4.1 Deictic Gesture Corpus in Weather Narration
In the Weather Channel broadcast the metaphoric, iconic, and beat categories roughly
constitute 20% of all the gestures exhibited by the narrators. Virtually unlimited
multimodal data is characterized by a spontaneous mode narration, which is particularly
suitable for prosody-based co-analysis.
Manual segmentation of the training set of gesture primitives was completed
based on the visual playback and the velocity profile information of the hand. The
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context of the narrator’s speech was used to disambiguate the deictic strokes of gestures
from auxiliary movements. Figure 4-1 shows classes of deictic primitives that were used
in weather narration corpus. Hold, preparation, and retraction primitives were admitted
to the training and test sets if they were associated with deictic strokes. Circle strokes
were excluded from the analysis both co-analyses due to infrequent observations and
relative uniqueness of the movement demonstrated by the preliminary results with high
recognition rates, when only the visual features were used.

Figure 4-1: A set of deictic gesture primitives used for analysis: preparation, point, hold,
contour, and retraction. Recognition based on the visual features showed frequent
substitution errors attributed to the similarity of the kinematical patterns between
preparation-point and contour retraction pairs.
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4.2 Spontaneous Gesture Corpus
For the spontanous gestures the presentation setting was selected. It included one person
narrating to the audience without visual interaction with the presentation aids. Chapter 8
presents the description the data in detail.

4.3 Methods
Over 60 minutes of the weather narration data and 30 minutes of monologue were used in
the analysis. The video sequences were digitized in MPEG-4 format. Every video
sequence contained uninterrupted monologue of 1-3 minutes in length. The subject pool
was presented by 5 men and 3 women for weather corpus and 5 men for spontaneous
gestures corpus.
The digitized broadcast video was analyzed using a semi-automatic gesture
analysis tool (Figure 4-2). The tool provides a convenient user interface for rapid and
collection of positional data and consistent manual and automatic gestures segmentation.
It also offers exploratory analysis of multimodal speech and gesture data through
processing and visualization and it includes the above framework for prosody-based coanalysis. Gesture analysis interface was also integrated with PRAAT software for
phonetics research [131] for speech processing.

4.4 Computational Framework
Based on the above review we consider co-analysis based on both physiological and
articulation phenomena of gesture and speech production. These phenomena have a clear
presentation in deictic gestures. The conversational gestures follow less tractable
phenomena and require a different from deictic gestures framework. As it is the first
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Figure 4-2: Interface for coverbal gesture analysis. Includes set of visualization
techniques, statistical learning algorithms, for consistent segmentation and gesture
analysis.
attempt, the analysis would be limited to the beat-like gestures that have a pronounced
articulatory component.
Although it is difficult to formulate two different analyses that uniquely address
each phenomenon, it is assumed that physiological constraints of coverbal production
(section 2.4) are manifested when raw acoustic correlate of pitch (F0) is used for a
feature-based co-analysis. In contrast, co-articulation analysis utilizes notion of cooccurrence with prosodically prominent speech segments.
Figure 4-3 presents a framework for the discussed types of co-analysis. At the top
level visual and audio signal from the video sequence is processed. A tracking algorithm
is used to extract positional data of hands and a head. This stream of data is used to create
a kinematical representation of a gesticulating human. Unlike multi-joint models, e.g.,
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[132], end-effector description for gestural kinematics is assumed such that only point
position of the head and the hand are used.
In the feature-based co-analysis (Chapter 5) both the positional data (velocity and
acceleration) and F0 features extracted from audio are combined for estimation of the
Hidden Markov Models (HMMs). Learned patterns are used to classify gesture phonemes
according to the framework described in Chapter 5. The output of this module is the
probability of observing a particular gesture phoneme from the visual signal. The same
basic framework is applied for the analysis of conversational gestures. Audio-visual
features are fused in an HMM framework. In addition to F0 features, intensity (A) is also
used to derive set of alignment features that then fed into the HMM. Chapter 8,9 address
this analysis in detail.
Co-articulation analysis (Chapter 6) employs a Bayesian network of a series of
naïve classifiers. The core of this analysis is the statistical model of co-occurrence of the
segmented gesture phonemes and prominent pitch segments. The F0 and hand movement
features are aligned to classify the type of deictic reference and distinguish meaningful
strokes from the auxiliary gesture primitives. Pitch classification and prominence
detection are important component of the co-analysis that affects co-occurrence patterns.
A binary classifier is used to separate prominent speech segments (section 6.1 ). After
establishing prominence of a F0 segment it is classified as intonation raise or fall using
HMMs (section 6.2 ). Another component of the Bayesian network is a bi-gram model of
gesture occurrence that accounts for possible effect of a speech segment from a preceding
gesture as it was previously shown in [107]. The causal effects between the components
of co-articulation model are learned from the Bayesian inference and discussed in section
6.4. Finally the probabilities of observing a gesture phoneme from the feature-based coanalysis (HMMs) and from the co-articulation network are fused together to determine
the most likely gesture. The presented framework aims an exploratory analysis of
prosody-based co-occurrence of gestures and speech.
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Figure 4-3: Framework of prosody-based co-analysis for deictic gestures. Two levels of the
analysis are presented: feature-based (HMMs) and co-articulation co-analyses (Bayesian
network). The decisions from both levels are combined using a weighted fusion scheme.
Spontaneous gesture analysis is limited to audio-visual HMM framework to explore low-level
articulatory phenomena.
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4.5 Input Assumptions
The folowing input was utilized for analysis: visual tracking and audio feature extraction
sofware and algorithms. The rest of section presents a brief review of the above
mentioned input.

4.5.1 Visual Feature Tracking
The tracking process was applied to extract the positional data from the video sequences
by tracking the head and the hands of the narrator. The algorithm for visual tracking is
based on motion and skin-color cues that are fused in a probabilistic framework [133]. A
face detector [134] was employed for robust user detection and continuous head track
status verification. The implementation is based on neural networks and favors a very low
false positive of <0.5%. The skin color sample extracted from the face is used to detect
hands. For each frame and each tracked body part, a number of candidate body part
locations are generated within a window defined by the location of the body part in the
previous frame and the current estimate of the predicted motion. The true trajectories of
the body parts are defined as the most probable paths through time connecting candidate
body part locations. The Viterbi algorithm is used to efficiently determine this path over
time. This approach effectively models position of the hand and head regions as skincolored moving blobs (Figure 4-4). The positional tracking was re-initiated if the tracker
algorithm failed in the events of self-occlusions of the hands.
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Figure 4-4: Visual feature tracking. Tracking algorithm extracts positional data using
skin color and motion cues. Resulted movement trajectory of the hand is shown on the
right.

4.5.2 Extraction of Audio Features
Accentuation is a compound prosodic attribute and if features are ranked in terms their
contribution, gross changes in pitch contribute most, duration is intermediate, and
loudness seems to be the least important for spontaneous English [11]. For that reason,
our formulation is limited to the Fundamental frequency contour. F0 is extracted from the
audio by employing the autocorrelation method, as described in [135]. The resulted
contour was pre-processed such that unvoiced intervals of less than 0.03 sec and less then
10 Hz/frame (0.01 sec) were interpolated between the neighboring segments to remove
unvoiced intervals caused by some of the consonants.

Chapter 5

Audio-Visual Model for Deictic Gestures

Following Kendon’s framework [86] (section 3.1.1), continuous hand movement can be
represented by a sequence of the defined gesture primitives. Further, kinematics of a
gesture primitive can be seen as a combination of ballistic and guided movement phases
(section 3.2). Hence, the difference between the gesture primitives can be explained
through their uniqueness of movement phase structures. Since this framework relies
neither on the shape of the hand (signs) nor shape of the movement trajectory, this is the
most important criteria that would allow statistical classification of natural gestures. The
first part of this chapter shows application of standard Hidden Markov Models (HMMs)
for gesture recognition using visual and in the second part - combination of audio-visual
features.
The feature-based level co-analysis (audio-visual HMM) aims to explore
involuntary physiological constraints in the process of gesture and speech co-production.
The proposed formulation is expected to show also some effect of the articulatory
phenomena of coverbal gesticulation. To model the gestures, both features representing
the kinematics of hand movements and the speech prosody (intonation) are considered. In
this chapter, the analysis of the concurrent intonation is purposefully limited to the effects
of phonological synchronization and interruption, i.e., during the guided phase of the
hand movement (Figure 3-3). Since the kinematics of every gesture primitive can be
statistically presented as an ordered sequence of finite number of states in an HMM that
have some correspondence with the transitions between the movement phases, then the
task of improving gesture recognition reduces to proper estimation and segmentation of
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these states. If the observed involuntary interruptions of speech constitute a pattern of
how breaks in pitch co-occur with the movement phases, it should contribute useful
information for improving the separation of the HMM states and consequently gesture
recognition accuracy. Proper segmentation is especially critical in recognition of
continuous gestures or any continuous sequence of symbols, for that matter, since
incorrect classification at any given instance can propagate along the sequence.

5.1 Hidden Markov Models for Gesture Kinematics
Hidden Markov Models (HMMs) fall in a subclass of Bayesian networks (see Appendix)
known as dynamic Bayesian networks (BNs), which are simply BNs for modeling time
series data. HMMs have been traditionally used in speech recognition, and with the
developments in computer vision they became a popular method for representing human
motion among other things, i.e., gestures (section 2.2). In the time series modeling, the
assumption that an event can cause another event in the future, but not vice-versa,
simplifies the design of BN: directed edges (arcs) should flow forward in time. A first
order Markov process, where each variable is directly influenced only by the previous
variable, can be extended to allow higher interaction between the variables. One of the
ways is to posit that the observations are dependent on a hidden variable, which can be
called a state, and that the sequence of the finite number of states is a Markov process. A
number of topologies of states’ connectivity have been considered to represent different
time series pattern. This subsection will review one of the most common topologies, c.f.,
[136], so-called left-to-right model (Figure 5-1), which has been traditionally used in both
gesture and speech recognition. The traditional HMM formulation, cf. [136], has been
purposefully selected to demonstrate the feasibility of the proposed method.
Let each time series pattern belonging a gesture primitive ωi can be represented by
a sequence of observations O, defined as O = o1, o2, … , oT where oT is the parameter
vector observed at time t and defined as:
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1≤ t ≤ T .

(5.1)

Where, the movement kinematics was represented by 2D positional and time differential
parameters of the hand and the head movement. υ h , a h , and

υ hd , a hd are velocity and

acceleration of hand and head movement correspondingly; |sh,hd| is absolute distance
between the hand and the head;

υh,hd is a relative velocity of the hand with respect to the

head.
The isolated sequence recognition problem can then be expressed as

arg max{P(ωi | O )}
i

(5.2)

This probability is not computable directly but using Bayes’ Rule gives

p(ωi | O ) =

p(O | ωi ) p(ωi )
p(O )

(5.3)

Thus, for a given set of prior probabilities of a gesture class, p (ω i ) , the most
probable class depends only on the likelihood p (O | ω i ) . Given the dimensionality of the
observation sequence O, the direct estimation of the joint conditional probability
p (o1 , o2 ,... | ωi ) from examples of gesture sequences is not practical. However, if a
parametric model of word production such as a Markov model is assumed, then
estimation from data is possible since the problem of estimating the class conditional
observation densities p (O | ω i ) is replaced by the problem of estimating the Markov
model parameters.
A Markov model is a finite state machine which changes state once every time
unit and each time t that a state j is entered, an observation vector ot is generated from the
probability density b j (ot ) . The transition from state i to state j is also probabilistic and is
governed by the discrete probability aij . The joint probability that O is generated by the
model M moving through the state sequence X is calculated as the product of the
transition probabilities and the output probabilities (Figure 5-1):
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Figure 5-1: Schematic representation of “left-to-right” Hidden Markov Model and
corresponding observation sequence. Note, states 1 and 6 are not emitting; these are
used to connect HMMs in a sequence for continuous recognition.
p (O , X | M ) = a12b2 (o1 )a22b2 (o2 )a23b3 (o3 )

(5.4)

In practice, only the observation sequence O is known and the underlying state sequence
X is hidden. This is why it is called a Hidden Markov Model.
Given that X is unknown, the required likelihood is computed by summing over
all possible state sequences X = x(1), x(2), x(3),…, x(T), that is
T

p(O | M ) = ∑ ax (0) x (1) ∏ bx ( t ) (ot )ax ( t ) x ( t +1)
X

t =1

(5.5)

where x(0) is constrained to be the model entry state and x(T + 1) is constrained to be the
model exit state.
As an alternative to Eq. 5.5, the likelihood can be approximated by only
considering the most likely state sequence, that is
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T

pˆ (O | M ) = max ax (0) x (1) ∏ bx ( t ) (ot )ax ( t ) x ( t +1)
X

t =1
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}

(5.6)

Although the direct computation of equations Eq. 5.6 and Eq. 5.5 is not tractable,
simple recursive procedures exist which allow both quantities to be calculated very
efficiently. To notice that if Eq. 5.2 is computable then the recognition problem is solved.
Given a set of models Mi corresponding to gesture ωi , equation Eq. 5.2 is solved by using
Eq. 5.3 and assuming that
p (O | ω i ) = p (O | M i )
All this, of course, assumes that the parameters {aij } and {b j (ot )} are known for each
model Mi.

5.1.1 HMM Estimation
Given a set of training examples corresponding to a particular gesture model, the
parameters of that model can be determined automatically by a robust and efficient reestimation procedure. A standard Baum-Welch re-estimation procedure, cf. [136], was
used to estimate HMM parameters.
To determine the parameters of a HMM it is first necessary to make a rough
guess at what they might be. Once this is done, more accurate (in the maximum
likelihood sense) parameters can be found by applying the so-called Baum-Welch reestimation formulae. The essential problem is to estimate the means and variances of a
HMM in which each state output distribution is a single component Gaussian, that is
b j (ot ) =

1
(2π ) n | Σ j |

e

1
− ( ot − µ j ) ′ Σ −j 1 ( ot − µ j )
2

If there was just one state j in the HMM, this parameter estimation would be easy. The
maximum likelihood estimates of mean vector µ j and covariance Σ j would be just the
simple averages.
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However, there are multiple states and there is no direct assignment of O to
individual states because the underlying state sequence is unknown. To resolve that,
algorithm divides the training observation vectors equally amongst the model states and
gives initial values µ j and Σ j of each state. It then finds the maximum likelihood state
sequence using the Viterbi algorithm (section 5.1.2) re-assigns the observation vectors to
states and re-estimates initial values µ j and Σ j .
Since the full likelihood of each observation sequence is based on the summation
of all possible state sequences, each observation vector ot contributes to the computation
of the maximum likelihood parameter values for each state j. Thus, if Lj(t) denotes the
probability of being in state j at time t then:

µˆ j =

∑ t =1 L j (t )ot
T
∑ t =1 L j (t )
T

(5.7)

and
T
ˆ j = ∑ t =1 L j (t )(ot − µ j )(ot − µ j )′
Σ
T
∑ t =1 L j (t )

(5.8)

Eq. 5.7 and Eq. 5.8 are the Baum-Welch re-estimation formulae for the means and
covariances of an HMM. A similar but slightly more complex formula can be derived for
the transition probabilities, see [136] for details. To apply Eq. 5.7 and Eq. 5.8, the
probability of state occupation Lj(t) must be calculated. This is done efficiently using the
so-called Forward-Backward algorithm. Let the forward probability αj(t) for some model
M with N states be defined as

α j (t ) = p(o1 ,..., ot , x(t ) = j | M )

(5.9)

This forward probability can be efficiently calculated by the following recursion
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α j (t ) = ⎡⎢ ∑ α i (t − 1)α ij ⎤⎥ b j (ot )
N −1

⎣ i=2

⎦
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(5.10)

It depends on the fact that the probability of being in state j at time t and seeing
observation ot can be deduced by summing the forward probabilities for all possible
predecessor states i weighted by the transition probability αij. Notice that from the
definition of αj(t), p (O | M ) = α N (T ) . Hence the calculation of the forward probability
also yields the total likelihood p(O | M ) .
The backward probability β j (t ) is defined as

β j (t ) = p(ot +1 ,..., ot | x(t ) = j, M )

(5.11)

As in the forward case, this backward probability can be computed using the
following recursion
N −1

β j (t ) = ∑ α ij b j (ot +1 )b j (t + 1)
j =2

(5.12)

In the definitions above, the forward probability is a joint probability whereas the
backward probability is a conditional probability. This somewhat asymmetric definition
is deliberate since it allows the probability of state occupation to be determined by taking
the product of the two probabilities. From the definitions,

α j (t ) β j (t ) = p(O, x(t ) = j | M )

(5.13)

Hence,

L j (t ) =

1
α j (t ) β j (t )
p(O | M )

(5.14)

All of the information needed to perform HMM parameter re-estimation using the BaumWelch algorithm is now in place. The steps in this algorithm may be summarized as
follows:
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1. For every parameter vector/matrix requiring re-estimation, allocate storage for the
numerator and denominator summations of the form illustrated by equations
Eq. 5.7 and Eq. 5.8.
2. Calculate the forward and backward probabilities for all states j and times t.
3.

For each state j and time t, use the probability Lj(t) and the current observation
vector ot to update the accumulators for that state.

4. Use the final values in Eq. 5.7 and Eq. 5.8 to calculate new parameter values.
5. If the value of p(O | M ) for this iteration is not higher than the value at the
previous iteration then stop, otherwise repeat the above steps using the new reestimated parameter values.

5.1.2 Continuous Gesture Recognition
From the previous section it was shown how to estimate p (O | M i ) , which can be used for
recognition. In practice, however, it is preferable to base recognition on the maximum
likelihood state sequence since this generalizes easily to the continuous data stream case
whereas the use of the total probability does not. This likelihood is computed using
essentially the same algorithm as the forward probability calculation except that the
summation is replaced by a maximum operation. For a given model M, let φ j (t ) represent
the maximum likelihood of observing gesture vectors o1 to ot and being in state j at time
t. This partial likelihood can be computed efficiently using the following recursion

φ j (t ) = max{
φi (t − 1)α ij }b j (ot )
i

(5.15)

The maximum likelihood pˆ (O | M ) is then given by

φ N (T ) = max{
φ j (T )α iN }
i

(5.16)
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As for the re-estimation case, the direct computation of likelihoods leads to
underflow; hence, log likelihoods are used instead. The recursion of equation then
becomes

ψ j (t ) = max{
ψ i (t − 1) + log(α ij )} + log(b j (ot ))
i

(5.17)

This recursion forms the basis of the so-called Viterbi algorithm. This algorithm
can be presented as finding the best path through a matrix where the vertical dimension
represents the states of the HMM and the horizontal dimension represents the time
(Figure 5-2). Each node represents the log probability of observing that frame at that time
and each edge between dots corresponds to a log transition probability. The log
probability of any path is computed simply by summing the log transition probabilities
and the log output probabilities along that path. The paths are grown from left-to-right
column-by-column. At time t, each partial path ψ i (t − 1) is known for all states i, hence
equation Eq. 5.17 can be used to compute ψ j (t ) thereby extending the partial paths by
one time frame.
Extension to the continuous recognition simply involves connecting HMMs
together in a sequence, which fully describes the data domain. This formulation of the
Viterbi algorithm is used called the Token Passing algorithm [136]. In brief, the token
passing model makes the concept of a state alignment path explicit. Each state j of a
HMM at time t holds a single moveable token which contains, amongst other
information, the partial log probabilityψ j (t ) . This token then represents a partial match
between the observation sequence o1 to ot and the model subject to the constraint that the
model is in state j at time t. The path extension algorithm represented by the recursion of
Eq. 5.17 is then replaced by the equivalent token passing algorithm which is executed at
each time frame t. The key steps in this algorithm are as follows:
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Figure 5-2: Viterbi algorithm. Each node dot represents the log probability of observing
that frame at that time and each edge between dots corresponds to a log transition
probability
1. Pass a copy of every token in state i to all connecting states j, incrementing the
log probability of the copy by log(aij ) + log(bj (o(t )) .
2. Examine the tokens in every state and discard all but the token with the highest
probability.
In practice, some modifications are needed to deal with the non-emitting states
but these are straight forward if the tokens in entry states are assumed to represent paths
extended to time t − δ t and tokens in exit states are assumed to represent paths extended
to time t + δ t . When the best token reaches the end of the sequence, the route it took
through the network must be known in order to recover the recognized sequence of
models.
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5.2 Audio-Visual HMM
Analogous Hidden Markov Model framework was employed to estimate the likelihood of
a gesture primitive using audio-visual features. A gesture primitive ωi is defined as joint
stochastic processes of the gesture kinematics and the intonational correlate over a
suitable time interval T. The parameter vector of observation sequence G at time t is

g t = υ h , a h , υ hd , a hd , sh,hd , υ h,hd , F0 , F0 ,

1≤ t ≤ T .

(5.18)

Where, the movement kinematics was represented by 2D positional and time differential
parameters of the hand and the head movement. υ h ,

a h , and υ hd , a hd are velocity and

acceleration of hand and head movement correspondingly; |sh,hd| is absolute distance
between the hand and the head;

υh,hd is a relative velocity of the hand with respect to the

head. Fundamental frequency contour, F0, and its time deferential, F0 , were used as a
feature for pitch correlate. To learn Audio-Visual HMM parameters Baum-Welch reestimation algorithm [136] was applied similarly to the one in section 5.1.1. Likewise, the
continuous gesture recognition is achieved by using Token Passing algorithm [136]. This
algorithm is based on Viterbi decoding which iteratively calculates the likelihood

p( ωi | G ) of possible sequential gesture interpretations ωi given G.
The difference between the visual (Eq. 5.1) and audio-visual (Eq. 5.18) HMMs in
this chapter are in adding features of pitch correlates (F0) to the second formulation. The
results will be presented in Chapter 7. The current audio-visual model does not consider
pitch dynamics within the each F0 segment per se, which is to a large extent dependent on
the phonological structure, cf. [137]. Instead it averages the segments over all training
examples providing some phonologically independent representation. This can be
considered as a physiological component of F0. To include intonational features we
present a framework for co-articulation analysis.

Chapter 6

Co-Articulation Model for Deictic Gestures

Co-articulation is another phenomenon in coverbal gesture production that is different
from the physiological constraints explored in the previous chapter. The model in this
chapter is based on the notion that the communicative intent to co-articulate production
of concurrent speech and gestures. As it has been previously noted that deictic gestures
are usually meant for attracting listener’s attention to the specific context within the
discourse, e.g. [13]. Stresses of intonation (pitch accents) serve exactly similar purpose in
spontaneous speech, when a speaker verbally tries to emphasize important points for a
listener.
The term accentuation usually refers to syllables that are perceived as being more
prominent then the others in a context. As underlined by Kendon [86], that the
phonological peak syllables tend to synchronize with the peak of the gesture stroke.
However, complexity associated with using F0 directly for co-occurrence analysis lies in
its close relation to the phonological structure of speech in addition to the tonal discourse,
cf. [137]. Therefore, a set of correlate point features on the F0 contour is employed which
can be associated with the corresponding points on the velocity and acceleration profiles
of the moving hand. It is expected that the temporal alignment pattern (co-occurrence) of
gestures and accentuated segments can provide additional information for improving
gesture recognition. This constitutes the main idea behind co-articulation analysis.
However, there are additional factors that can affect co-occurrence. It is expected
that type of accent (fall or rise of intonation) would influence the alignment pattern as it
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may imply different syntactic structures (see section 6.2 ). Also, speech “activity” during
the preceding gesture may carry over to the current interval, especially if it is a
compounded stroke [107]. In this case it may introduce some perturbations into the cooccurrence pattern. To account for these factors we constructed a Bayesian network
(Figure 6-6 ) that includes causal effects of the accent type and the preceding gesture. The
section is organized as follows. First, a method for extraction of the acoustically
prominent F0 segments is defined to classify them into fall or rise of intonation. Then, a
co-occurrence framework is presented and inference from the Bayesian network is
described. Finally, it is shown how the information from the co-articulation analysis can
be fused with the HMM framework for gesture recognition (section 5.2).

6.1 Detection of Prosodically Prominent Segments
Prominent segments in an uninterrupted spoken discourse can be thought of as
perceptually distinct parts with respect to some base level of prosodic events. Hence, if
there is a statistical measure that describes level of prosodic activity in a monologue, then
any activity above certain level can be considered as prominent. Unfortunately, there are
many contextual and narrator-dependent factors in real speech that can affect perceptive
decision of a listener to classify a part of a speech as prominent. However, due to a
relative homogeneity of how information presented during the Weather Channel
broadcast we can consider a linear decision boundary for detecting the outstanding
prosodic events from an established threshold.
A segment is defined as a continuous part of F0 contour that correspond to a
voiced interval. Its length can phonologically vary from a single phone or foot6 to an
intonational phrase, cf. [13] for details. Interestingly enough, deictic markers that tend to
co-occur with deictic gestures (cf. section 2.4), mostly fall within the limits of a single
segment. Taylor [138] showed that substantial rises and falls in the F0 contour were good

6

Foot is a phonological unit that has a "heavy" syllable followed by a "light" syllable(s).
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indicators of pitch accent location. Pauses7 are also an important component of
prominence. During spontaneous speech alone they are usually associated with the
discourse related factors such as change of topic, e.g.[139]. In addition, they also seem to
have an important role in speech and gesture production. Hence, we introduce a
compound feature that utilizes both amplitude of F0 and duration of voiceless intervals to
model prosodic discourse. To detect prominent parts section 6.1.2 presents an empirical
method that involved perceptual studies to establish criteria for acoustic prominence in
the presented domain.

6.1.1 Model of Prosodic Discourse
A problem of prominent segments detection in the spontaneous speech can be considered
as a binary classification problem. It is assumed that prosodic discourse can be modeled
by a feature set P ∼ N (µ, ∑) with an observation vector pi for every F0 segment i defined
as:
T

pi = ⎡⎣ξ max , ξ min , ξ max ⎤⎦ ,

(6.1)

where, ξmax and ξ min are prominence measures, and ξ max is the maximum gradient of a
given F0 segment. ξ max is calculated as a product of the duration of the preceding pause
and the F0 shift between the end of the previous contour and the maximum of the current
F0 (Figure 6-1). Similarly ξ min is computed by taking the minimum of F0 contour
(Figure 6-1). Inclusion of max and min accounts for possible low or high pitch accents.
The frequency shift between the segments was selected instead of absolute measures to
give a consideration to the discourse. To extract the maximum gradient of a pitch
segment, ξ max , Canny’s edge detection algorithm is used with a Gaussian smoothing
(σ=0.8), see [140] for details.
7

A pause is usually defined as a voiceless interval on F0 contour, which is not a result of a voiceless
consonant
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The solution for prominent F0 segments detection are to be sought towards the
“tails” of the normally distributed pi (Figure 6-2). Analysis of the constructed histograms
originally indicated heavy tails for ξmax , ξmin and ξ max distributions. Yeo-Johnson log
transform [141] was applied to improve normality.

F0

ξmin

ξmax

Figure 6-1: Measures of F0 for estimation of the prosodic discourse model. Prosodic
measures ξ max and ξ min (right segment) correspond to the rising and lowering of the
intonation.

6.1.2 Perceptual Threshold and Prominence Detection
To find an appropriate level of threshold to detect prominent segments we employed a
bootstrapping technique involving a perceptual study. A control sample set for every
narrator was labeled by 3 naïve coders for auditory prominence. The coders did not have
access to the F0 information. The task was set to identify at least one acoustically
prominent (as delayed or intonationally accented) sound within the window of 3 sec. The
overlapping of windows was considered to account for unusually elongated pauses. In
addition, every 10 sec. the utterance was replayed to ensure all discourse related
prominence was not left undetected.
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A Mahalanobis distance measure (Eq. 6.2):
d 2 = ( pi - µ)T Σ −1 ( pi - µ) ,

(6.2)

where discourse P ∼ N (µ, ∑) , was used to form the decision boundary for prominent
observations as labeled by the coders. Allowing 2% of misses, a speaker-dependent
threshold (d2=0.7-1.1) was established for the all eight narrators. If a segment i with an
observation vector pi appeared to pass the threshold value d2 it was considered for cooccurrence analysis with the associated gesture primitive. Figure 6-2 presents a sample
distribution of the prosodic discourse model P for a female narrator. The conservative
decision boundary resulted in a high false alarm rate up to 40%. However, these are
likely to cover other undetectable for the human ear irregularities of gesture and speech
production discourse.

6.2 Classification of Accented Segments
Once we established that an F0 segment can be considered as prominent we need
to distinguish what kind of pitch accent is represented on the segment. A tone that
associated with an accented syllable (marked with “*”) defines presence of the pitch
accent. In English, there are six types of the pitch accent distinguished, two simple and
four complex [9, 142]. The simple high accent (H*) is the most frequently used, it occurs
much higher in the pitch range then L* which represents a local minimum on F0 contour.
The complex accents are composed of two tones, one of which is aligned with a stressed
syllable, they are: L*+H, L+H*, H+L*, and H*+L. Pierrehumbert et al. [143] proposed
that intonational prominence marks information that the speaker intends to be predicated,
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Figure 6-2: A sample distribution of prosodic discourse (P) for a female narrator. A
linear decision boundary for prominence detection was defined from a perceptual study
such that only 2% of misses were allowed. Non-prominent segments were misidentified
as prominent (false alarm) 40%. Hits: correctly identified prominent segments.
or shared with a listener. They hypothesized that only H* and L+*H accented
information is meant to be asserted, which usually consists of a verb with or without
objects, complements, or adverbial modifier. In another words use of different accents
may contribute to the different co-articulation pattern.
To provide an automated procedure Taylor [138] proposed a continuous
representation for specifying accent. According to his model H*, L+H* and L*, L*+H,

H+L* can be differentiated into two classes8 based on the tilt of the F0 slope. Note that
this categorization is the same as for the predicate properties defined by Pierrehumbert et
al. [143]. Figure 6-3 shows examples of the tilt models and their L/H notation. For the

8

H*+L accent is usually considered as an exception and rarely used.
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sake of simplicity we accept following notation: set (H*, L+H*) is denoted by H and set
(L*, L*+H, H+L*) -by L.
To model time series pattern of accent class ai ≡ {H,L} two separate HMMs were
defined over suitable time interval corresponding the duration of F0 segments. The
parameter vector of the observation sequence F at time t was composed of F0 and its time
differential: ft = F0 , F0 . Empirical evaluation has led to the choice of 4-state HMMs.
Total of 158 samples were used as a training set. After a F0 segment was classified as
prominent (section 6.1) ai was chosen with the highest estimated likelihood p (ai | F) .

H+ L*
L +H *

H*

H+ L*

Figure 6-3: Example of L+H*, H*, H+L* pitch accents on F0 contour that were used for
HMMs training. Two examples on the left denote H category, on the right-L

6.3 Co-occurrence Models
The core of the co-articulation co-analysis is a model of the alignment patterns of the
prominent F0 segments and movement of the hand. As it was mentioned earlier, F0 is
heavily influenced by the phonetic component. Hence, a framework is defined that would
rely on the feature set that consider only extremities of F0, e.g. beginning of the segment,
maximum and minimum, and the maximum slope (edges).
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6.3.1 Definition of Co-occurrence
For every kinematically defined gesture primitive class ωi (cf. section 2.2) it is assumed
that there exist at least one co-occurrence class ω a i that have the same kinematical model
as ω i . To model ω a i , it is hypothesized that the temporal alignment of the active hand
velocity profile and the prominent pitch segments can be presented by a multidimensional
feature space M with an observation vector m (Eq. 6.3) for some F0 segment j on the ω a i
interval defined as

m j = [τ 0 ,τ max ,τ min ,τ max ] ,
T

(6.3)

where all the features are assumed to be normally distributed, i.e., N (µ, ∑) . The gesture
onset τ 0 , is the time from the beginning of the primitive to the beginning of the prominent
segment, which has at least a part of its F0 contour presented within the duration of the
gesture primitive (Figure 6-4). The gesture peak onset τ max , is the time from the peak of
the hand velocity to the maximum on the F0 segment (high pitch accents). Similarly, τ min
is computed for low pitch accents (Figure 6-4). τ max is offset between the maximums of
the gesture acceleration, Vmax , and the Fundamental frequency time differential, F0 (as
max

described in section 6.1.1). Where, Vmax was extracted using Canny’s formulation for
edge detection with σ=1.0.
A set of 446 labeled examples was used to learn the statistics for every gesture class.
The training data set was preprocessed in advance such that only mj of the most
prominent segment (with the largest Mahalanobis distance (Eq. 6.2 )) on a ωi a interval
was considered for M estimation. To find which gesture class ω i a is the most likely to be
represented by an observation vector m a nearest neighbor classifier is employed. Since
several F0 segments could be located within a gesture primitive interval, all the mj on the
gesture primitive interval were evaluated. The next subsection presents findings from the
evaluation of test set of 1262 primitives.
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Figure 6-4: A set of features ( τ 0 ,τ max ,τ min ) from the hand velocity profile and a prominent
F0 segment used for co-occurrence modeling for a contour stroke.

6.3.2 Modeling Co-occurrence
As it was mentioned earlier it was expected that difference in H and L may introduce
different alignment patterns of the resulted F0 and the hand velocity. They were included
in the formulation for gesture strokes primitives: pointH, pointL, contourH, and contourL.
Preparation and retraction primitives were left without the accent definition.
Analysis of the resulted models indicated that accent type separation of the
contour strokes (contourH and contourL) is not enough to model variability of cooccurrence. Therefore, the classes of co-occurrence models were redefined by
differentiating contour primitives by the type of deictic reference. The following
definitions were adopted for the same kinematical representations of the contour
primitive ( ωi ) from our semantic framework used in iMAP studies [107]. Contour
gestures that refer to static spatial attributes (transitive deixis, cf. section 2.3), e.g.,
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c o n t o u r

“…along the East coast line…”, we denote it as contour_s. Primitive contour_m is used
to indicate some spatial displacement or direction (intransitive deixis), e.g., “…weather
c o n t o u r

front moving up …” . Hence, contour primitives have

definition in the co-occurrence

domain as: contour_sH, contour_sL, contour_mH, and contour_mL (Figure 6-5).
The velocity peaks of the contour_s strokes tend to closely coincide with the
peaks of the pitch segments ( τ max = 0.078 sec). Contour_m strokes were found to have large
τ max offsets (0.187 sec), when point had in average 0.079 sec. Pointing appeared to be

quite silent, however, most of the segments were aligned with the beginning of the poststroke hold interval. The difference between contourH and contourL types was clearly in
the offsets of τ min that L-type was delayed for 0.2 sec for both contour_s and contour_m
strokes. Preparation and retraction both had negative τ max (peak of the gesture is delayed
with respect to F0 max) of 0.02 sec. Which can be attributed to the segments that were cooccurring with the preceding primitive.
Figure 6-5 summarizes findings of the co-analysis framework. At the first level
we separate coverbal (meaningful) gestures (strokes) from the auxiliary primitives that
include preparation and retraction primitives. Also, we exclude strokes that are rearticulate previous gestures. It happens when a stroke is followed by the identical stroke
where the second movement does not have an associated speech segment. At the second
level coverbal strokes can be further classified according to their deixis, cf. [33]. pointL
and pointH categories ( ω i a ) were eventually collapsed as the result of further analysis
(section 6.4.1) . Distinction of the accent and deixis type in contour_sH, contour_sL,
contour_mH, and contour_mL showed to be useful in achieving 76.47% (versus 52.94%)
of correct recognition rate of kinematically defined contour ( ωi ). Most of the
preparation and retraction turned out to be quite silent which resulted in 37.5 % and 20%
correct recognition rate. Pointing was correctly classified in 64.7% of occurrence, where
42.7% of the all the errors were attributed to contour_m type substitution.
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Figure 6-5: Prosodic co-occurrence classes for co-articulation analysis and their mapping
to the kinematical classes of the gesture primitives. Meaningful contour strokes are
distinguished by the type of their reference (deixis), and by the accent type (high or low)
of the associated prominent speech segment.

6.3.3 Bayesian Network
For co-articulation analysis the classifiers introduced earlier are combined into a
Bayesian network (Figure 6-6). The nodes of the network modeled as the discrete
variables with assertions of their conditional independence. Accent and previous cooccurrence class ω i ( t −1) a variables are defined as the input (parent) nodes, co-occurrence
class variable ωi ( t ) a as the input-output (child) node, and output node as the gesture
primitive class ωi . Bi-gram model of co-occurrence classes (Figure 6-6) is modeled by
causal dependency of ω i ( t −1) a on ωi ( t ) a within the Bayesian network.
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The resulted causal dependencies between the classifiers in the Bayesian network
were estimated using Chickering et al. method [144] with greedy search algorithm over
parameter maps implemented as the decision graphs, see Appendix A. The same training
set of 1262 gesture primitives that was used as a test sequence for co-occurrence models
was utilized for the network parameter estimation. Figure 6-6 shows the learnt global
structure of the Bayesian network as the ranked causal dependency graph. The causality
rank is defined by the Bayesian score (posterior probabilities), see [144] , Appendix A for

B iG
M o ram
de
l

details.

Accent
Prior
Co-occurrence

2
4

Input-output
node
Output node

3
3

Co-occurrence
Class

Gesture
Phoneme
1

Figure 6-6: Bayesian network graph for co-articulation co-analysis. Numbers indicate
the strength (rank) of the inferred causal relationships between the nodes. Input-output
nodes represent a set of naïve classifiers. Bi-gram model of co-occurrence variables is
included to account for spillover effect of speech during compounded strokes. The
output node was used for estimation and represents kinematically defined gesture
primitive classes ( ωi ).
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6.3.4 Inference for Co-articulation Analysis
As it was expected the strongest dependency was observed between co-occurrence model

ωi ( t ) a and the kinematically defined gesture primitive ωi ( t ) . Not surprisingly the accent
type was found important for determining the co-occurrence type and less important for
estimation of ωi ( t ) . Word model of ωi ( t ) a and ω i ( t −1) a received the lowest rank, but ω i ( t −1) a
showed stronger relationship to the kinematical representation ωi ( t ) .
Figure 6-7 shows an example of the binary decision tree (see Appendix) derived
from the Bayesian network for the pointing gesture ( ωi ( t ) a ) distribution. Accent type was
not found to affect co-occurrence decision directly for the pointing gesture due to the
week distinction between pointL and pointH. Eventually, those were merged into a single
point category without accent distinction for ωi ( t ) a . This may be a result of a large
variability of usually delayed prominent speech segment with respect to the pointing
movement of the hand, which was located within the following post-stroke hold interval.
Pointing gesture also seems to be strongly conditioned on the preceding preparation
( ω i ( t −1) a ) with probability of 0.742. If it was not classified as preparation, hold was the
mostly likely to follow the pointing (0.341). If co-occurrence class was not classified as
point, accent variable (Not 0) provided significant contribution for the contour
classification (0.235). If there was no prominent segment found on the interval the
decision relied on the ω i ( t −1) a . Where if non-point gesture (with non-prominent speech)
was preceded by preparation it was likely to be followed by another preparation (0.433).
Examples of this are usually caused by a compounded preparation movement that might
have include a gaze in the middle of the movement resulting in the two kinematically
complete primitives. If a non-pointing gesture ( ωi ( t ) a ) was preceded by any other gesture
then preparation ( ω i ( t −1) a ) it was more likely to be classified as the retraction ( ωi ( t ) ).
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p(hold)=0.341
p(point)=0.274

p(point)=0.742

p(preparation)=0.433
p(none)=0.433

p(retraction)=0.360

p(contour)=0.235

Figure 6-7: Bayesian inference: A binary decision tree for coverbal point co-occurrence
distribution. The probability of gesture primitive classes (with the highest likelihood) are
shown on the right side
Figure 6-8 shows a local distribution of co-occurrence classes for H and L accents
extracted from the inferred decision graph. The learned probability distribution of cooccurrence classes (based on the performance of the co-occurrence classifier) seems to be
affected by the type of the pre-classified accent (section 6.2). Preparation appeared to be
one of the most likely to contain both types of accent (0.356 and 0.201), while retraction
remained silent with only 0.002 and 0.049 probabilities. Point was found to be associated
with both H and L. Overall there was a significant difference between contourH and
contourL types or each of the accents with the correct correspondence of H and L.
Contour stroke with the static reference (transitive deixis) was most likely to contain H
accent, corresponding to predicated constructions as defined by [143]. Intransitive
contour stroke was the most probable to co-occur with L (Figure 6-8).
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p(point)
p(prep)
L
p(contour_s )
L
p(contour_m )
H
p(contour_s )
H
p(contour_m )
p(retr)
p(none)

0.153
0.356
0.049
0.002
0.121
0.062
0.002
0.240
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p(point)
p(prep)
L
p(contour_s )
L
p(contour_m )
H
p(contour_s )
H
p(contour_m )
p(retr)
p(none)

0.280
0.201
0.013
0.299
0.049
0.001
0.049
0.118

Figure 6-8: Bayesian inference: Local distribution of co-occurrence primitives ( ωi a ) for
H (left) and L (right) accents

6.4 Decision Fusion
The probability likelihood of the gesture primitive ωi , p(ωi | N) , was estimated from the
Bayesian belief network, where N denotes set of parameters estimated from the naïve
classifiers in the co-articulation analysis. Markov-blanket inference method, cf. [145],
Appendix A, was used for computing p(ωi | N) , where the probability was evaluated as a
function of both the local distribution of the output variable, and the local distributions of
its children. Similarly, using the feature-based co-analysis model probability of the
gesture primitive ωi , p(ωi | G ) is computed from HMMs, cf. section 5. To derive a
decision about ω i , given audio-visual signal O defined over a suitable time T, we fuse

p(ωi | N) and p(ωi | G ) , such that:

p(ωi | O) = w1 i p(ωi | N) + w2 i p(ωi | G ) ,

(6.4)

where weight wj in Eq. 6.4 was derived based on the performance of the classifier, i.e.:
wj =

Pˆj
2

∑ Pˆj
j =1

(6.5)
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Where Pˆj is accuracy of the given classification method. Resulting probability score is
used to assign the class label ( ωi ) for a gesture primitive.

Chapter 7

Results of Deictic Gesture Recognition

The total of 446 phoneme examples from the segmented video were used for HMMs
training. We used three models to demonstrate the effect of the investigated co-analyses.
Fist we consider HMMs model which does not include F0 feature and based only on the
analysis of visual features. The second test includes both kinematical and pitch features
resulting in the feature-based co-analysis. The third experiment include both featurebased and co-articulation co-analyses which were fused in accordance with the scheme
defined in section 6.5.
All models utilized the same training and test sequences. To improve training set
we preprocessed corresponding intervals on F0 contour removing non-prominent
segments using method described in section 6.1. We empirically selected topology for the
forward HMMs such that: point included 6 states; contour and retraction -5; preparation,
and hold -4.

7.1 Gesture Recognition with Audio-Visual HMMs
The results of the continuous gesture recognition, using only visual signal, showed that
72.4% of 1876 phonemes were classified correctly (Table 7-1). Further analysis indicated
that phoneme pairs of preparation-pointing and contour-retraction constituted most of
the substitution errors. This type of error, which can be attributed to the similarity of the
velocity profiles, was accounted for the total of 76.3% of all the substitution errors. The
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deletion9 errors were mostly due a relatively small displacement of the hand during a
pointing gesture. Those constituted approximately 58% of all the errors.
The results of the HMM using combined feature set showed the overall
improvement in the correct recognition rate of 75.6% (versus 72.4%). Table 7-1 presents
the summary of the recognition results. The most significant improvement was observed
in the reduction of the insertion errors to 4.7% (from 6.3%). This surplus was due to
removing false point and preparation gestures. These were accounted for 42% of the
Table 7-1: Summary of the results of continuous deictic gesture recognition
Errors
Recognition
Mode

Visual HMM

Audio-Visual HMM

Audio-Visual HMM
&
Bayesian Network

Correct
%
Prepare
Point
Contour
Retract
Total
Prepare
Point
Contour
Retract

67.7
58.0
79.0
73.4
72.4
72.9
69.6
80.8
76.3

Delet
%
14.7
29.0
3.0
8.5
12.1
12.4
20.4
0.1
9.6

Total
Prepare
Point
Contour
Retract
Total

75.6
82.5
90.6
87.0
80.9
84.2

11.9
9.6
6.9
3.0
9.0
9.1

Subst.
%
10.0
9.4
18.0
9.6
9.3
10.4
7.6
18.9
7.9

Insert
%
7.6
3.6
0.0
8.5
6.2
4.4
2.5
0.2
6.2

7.8
3.1
1.1
10.0
1.7
2.9

4.7
4.8
1.3
0.0
8.4
3.8

error rate reduction. A marginal improvement was observed with the deletion (11.9%
versus 12.1%) and substitution (7.8% versus 9.2%) errors. The declined rate of
substitution was mostly due to the reduction in contour_m type and preparation
substitutions. The deletion type reduction was mostly caused by distinguishing a
9

Deletion type of errors occur when a gesture primitive is recognized as a part of another adjacent gesture
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preparation from the following it contour phonemes, which were originally recognized
as one contour stroke.

7.2 Gesture Recognition with Co-articulation Models
The results of the continuous gesture recognition, using feature-based co-analysis and
Bayesian belief network for co-articulation analysis, indicated significant improvement
over visual-only and feature-based co-analysis. The accuracy rate of recognition was 84.2
% for all qualified 1876 gesture primitives in the test sequence (Table 7-1). There was a
significant improvement of the substitution (2.9% versus 7.8%) and insertion errors
(4.7% versus 6.3%). Most notable was improvement of the substitution errors.
Disambiguation of preparation-pointing and contour-retraction phoneme pairs was
primary contribution of error reduction, which constituted approximately 65% of the
improved cases with respect to the visual-only method. Improvement of the insertion

Figure 7-1: Data examples for gesture recognition: (left) a potential deletion error of
point if only visual signal is used; (right) a well-articulated kinematical stroke for
comparison.
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error type over the feature-based co-analysis (3.8% versus 4.7%) was due to the partial
removal of false contour gestures. There was a 3% of improvement in deletion over
kinematical model (9.1% versus 12.1%) it was more significant then for feature-based coanalysis (11.9% versus 12.1%). It is due to inclusion of the visually small point gestures
that were previously merged with the post-stroke holds (Figure 7-1).

7.3 Lessons from Weather Domain
Results of the continuous gesture recognition have demonstrated the effectiveness of the
prosody-based co-analysis of hand kinematics and prosodic features from audio showing
significant improvement of the recognition rates. Presented frameworks for feature-based
and articulation co-analyses played complimentary roles in improving the recognition of
continuous gestures. They address problems of disambiguating noisy kinematical
observations at two levels, which were physiologically and articulatory motivated. Our
current formulation indicated better performance (84.2% versus 59.4% [37] accuracy)
over previously applied keyword-based co-occurrence analysis in the same domain. The
notable difference between the approaches was that co-analysis models were defined for
all kinematical primitives, while in [37] only the gesture strokes could be correlated with
meaningful keywords. The complexity of the keyword-based formulation even in
Weather domain, which can be considered as semantically limited, favors its use as a
complimentary top-down analysis.
Results of physiologically motivated feature-based co-analysis showed some
improvement over all error types. Preliminary observations for pointing strokes showed
that F0 contour exhibits decreased or complete absence of speech activity during the
guided phase of the movement, which involves intensive eye–hand coordination phase.
This was confirmed by almost 65% reduction of the insertion errors after applying
feature-based co-analysis. In addition to removing false point phonemes, it contributed to
the removal of false preparation primitives. It can possibly be explained by the existence
of the same guided phase at the end of a preparation movement. Overall, this is extremely
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interesting phenomena that deserve further experimental investigation with more
elaborate formulations. Parametric HMMs, e.g., [84], seemed to be more appropriate
choice due to inherent phonological variability of F0 feature.
Results of the co-articulation co-analysis showed significant improvement in
recognition accuracy. Although there is some formulation-based redundancy between the
co-articulation and physiologically motivated co-analysis, the effect on the recognition
accuracy was quite different. The major contribution of co-articulation analysis was an
improved decision boundary between contour-retraction and point-preparation pairs, one
of the fundamental weaknesses of visual-only analysis resulted due to the similarity of
the respected velocity profiles. This improvement was due to the relative prominence of
the co-occurring speech with the meaningful gesture strokes (contour and point), while
auxiliary preparation and contour appeared to be deaccented. Another difference from
the feature-based co-analysis was detecting deleted pointing gestures, which were
characterized by a small positional displacement of the gesturing hand (Figure 7-1). It
was very characteristic to the narrators on Weather Channel to use small pointing
gestures if the stroke was compounded and the end of preceding gesture (without
retraction) was near the referred location on the map.

7.3.1 Limitations
Limitation of the co-articulation analysis was on a part with similarity of formulation to
the keyword-based method. Co-occurrence models (section 6.3) that constituted the core
of the analysis considered were reliable only for meaningful strokes that were likely to
contain emphasized spoken utterance. Co-occurrence modeling has brought up several
important issues that differentiate co-articulation categories from the kinematically
defined gesture primitives. The distinction between these lies in effect of conveyed
context manifested in speech. As the result same contour gestures (visually defined) were
differentiated by their deictic reference (static spatial and movement direction) and
intonational pattern. Both appeared to be significant dimensions in disambiguating the
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co-occurrence categories for contour strokes. In fact, contour gesture that denotes a
direction of movement was found close to the pattern of the one of pointing. Also, these
categories were found to be the hardest to distinguish during manual segmentation of
gesture phonemes. Results for correlation of different intonation (H and L) and different
types of the contour deixis also have interesting implications as shown by Pierrehumbert
et al. [143], cf. section 6.2. They both imply dependency on different syntactic structures.
Unexpectedly the results of the causal dependency inferred from the Bayesian
network indicated marginal spillover effect (bi-gram model) of the co-occurrence pattern
from the preceding gesture (Figure 6-6). Unlike our findings from the previous studies in
iMAP domain [107] where the compounded gestures seemed to be affected in the
alignment with speech, there was no clear effect. However, it simply may be because of
relatively infrequent observations of compounded gestures in the training set. Overall, the
introduced method for co-articulation analysis requires additional investigation with more
data and more robust algorithms for co-occurrence analysis and prominence detection.

Chapter 8

Audio-Visual Articulation Model for Spontaneous Gestures

The purpose of this chapter is to provide a computational framework for bootstrapping
basic understanding about prosodic structuring of beat-like manifestations. The rationale
in selecting the flick-like movement is in their occurrence within other iconic and deictic
gesture strokes. In combination with the tonal stresses in voice these articulatory
movements may be indicative of a communicative intent since not all the gestures have
clear communication function (section 2.1.2 and 3.3.3). These gesture-speech units will
further be referred to as articulatory units. Unlike the co-articulation framework for
deictic gestures (see Chapter 6), the audio-visual model in this chapter is based on the
preliminary observation that articulatory effort during the gesticulation tend to correlate
with disturbances in vocal production. The rest of the chapter is organized as follows.
First, an HMM based formulation is presented to detect the aberrances in the voice.
Second, the detected prosodic segments are fused with the visual features of articulatory
movements within a traditional HMM framework.

8.1 Detecting Perturbations in Vocal Production
Although vocal production is a complex phenomenon, the most discernable factors that
affect quality of voice are vocal articulation effort and physiology of vocal tract. For
instance, the articulatory movement involved in the production of a stressed vowel is
different from the unstressed variant. These vocal movements tend to be larger, longer in

Chapter 8. Audio-Visual Articulation Model for Spontaneous Gestures

73

duration, and more air pressure (vocal effort). At the physiological level the overall
complexity of the vocal fold vibration differs across speakers, as well as the shape of the
glottal flow which also vary with vocal effort [146]. Lehiste [147] has shown that there is
a perceivable a change in pitch when the F0 is fixed but signal intensity is slightly varied
such that an increase in intensity resulted in a drop of pitch. A number of studies have
also shown that F0 can be raised by increasing vocal fold tension, by increasing subglottal pressure, or by a combination of the two [147-150]. In addition to increased vocal
effort, it is possible that a concurrent flick-like hand movement may affect the airflow in
the vocal production resulting in changes of F0 and intensity dynamics.
In general, variety of methods have been applied to F0 and intensity (A) features
for applications ranging from speaker recognition (e.g., [151-153]) to distinguish
language-specific variations ([154, 155]). Among the most relevant work, Adami [156]
has explored difference of shapes of F0 and intensity contours for speaker recognition.
Rather then analyzing the shape of F0 and intensity contours the proposed approach
investigates the dynamical discordance of both features.

8.1.1 HMMs for Vocal Dynamics
Four classes of possible combination of F0 and intensity contours are considered to
represent continuous speech signal. A vocal segment wi is defined as joint stochastic
processes of the Fundamental frequency and intensity over a suitable time interval T. The
parameter vector of observation sequence V at time t is
v t = F0 , F0 , A, A ,1 ≤ t ≤ T

(8.1)

where F0, F0 are Fundamental frequency contour and its time deferential. A, A are
intensity contour and its time deferential. To learn HMM parameters Baum-Welch reestimation algorithm [136] was applied analogously to the one described in section 5.1.1 .
Figure 8-1 (I-IV) shows training examples of vocal segments. Types I shows F0 peak is
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delayed, II – intensity peak is delayed, III – normal pattern, and IV– to model silence.
Empirical evaluation showed 4-state HMMs are optimal for I-III types.
The continuous segment recognition was completed by using Token Passing
algorithm [136] (see section 5.1.2). The algorithm is based on Viterbi decoding which
iteratively

calculates

the

likelihood

p( w | V ) of

possible

sequential

segment

interpretations wi given V.

I

III

II

IV

Figure 8-1: Examples of vocal segments. Types I – F0 (blue) peak is delayed, II –
intensity (green) peak is delayed, III – normal pattern, and IV– to model silence. Types III are potential candidates where either vocal effort is excessive or the perturbation is
caused by a gesture flick.

8.1.2 Performance of Continuous Recognition
The total of 468 segments were used for training and 553 – as a test sequence for types I,
II, III. Table 8-1 presents summary of the recognition results. Overall results indicated
relatively poor performance on type-I segments totaling 59.1% of correctly recognized
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segments. However, only about 77 segments (13.9%) were misclassified as not
containing any perturbations. Assuming that initial training procedure was not based on
concurrent gesture information, these results could be considered as acceptable for
preliminary classifier.
Table 8-1: Recognition results of vocal segments

Type

Accuracy %

Subst. %

Deletion %

Insertion %

I

59.1

15.3

20

5.4

II

73.2

22.2

4.5

0

III

59.7

13.3

17.9

9

8.2 Modeling Articulatory Units
Once the speech segments were identified that may be indicative of extra vocal effort or
concurrent with accentuated hand movement, the articulatory unit formulation can be
considered. Similarly to the co-articulation analysis presented in Chapter 6 the model is
based on the temporal alignment of detected vocal segments and the visual movement of
the hand. Current definition of articulatory units includes the following types of beat-like
gestures (Figure 8-2): transitional beat, iconic beat, and beat for marking tonal accents.
Transitional beat signifies topic change and usually associated with discourse markers
like: “but”, “so”, “alternatively”, and etc. Iconic beat is the most articulate part of an
iconic gesture stroke. Simple beat gestures are most frequent, stand-alone movements
that occur in row. All these movements are relatively small oscillatory flicks with respect
to deictic gestures and do not have clear preparatory or retraction phases, except the ones
associated with iconic gestures. The scope of this analysis is beyond the complete
modeling of the gesture kinematics because of variability of iconic gestures. Therefore
we consider isolated gesture recognition in this chapter, which can be easily extended to
continuous recognition with a good garbage model (for all other gestures).
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Transitional beattransition to a new topic that is associated
with discourse markers:
“But he in my high school … “

Iconic Beatpart of iconic gesture:
“Huge invulnerable …”

Beat gesture:
“Just because they …”

Figure 8-2: Types of articulatory units manifested trough beat-like gestures
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8.3 Audio-Visual HMM
Unlike the audio-visual HMM in Chapter 5, the current formulation considers a set of
derived features using the estimated states information from the HMM used for modeling
vocal dynamics. First, a standard procedure will be shown for estimating an optimal state
sequence using the estimated HMM Li (section 8.1.1) and observation vector V as
described by Rabiner [136]. Then, the estimated state sequence X = {x1, x2… xT} for an
observation vector vt will be used to compute alignment of audio-visual features within a
standard HMM framework.

8.3.1 Estimation of State Sequences in Speech
The problem of estimating an optimal state sequence can be thought as optimality
criterion that maximizes the expected number of correct individual states. We define a
variable:

γ t ( j ) = p( xt = j | V , Li )

(8.2)

i.e., the probability of being in the state j at time t, given the observation sequence V, and
the model Li. The Eq. 8.2 can be rewritten in terms of forward-backward variables
(Eq. 5.10 and Eq. 5.12) such that

γ t ( j) =

αt ( j)βt ( j)
p (V | Li )

=

αt ( j)βt ( j)
N

∑ αt ( j)βt ( j)

(8.3)

j =1

since α t ( j ) accounts for the partial observation sequence v1, v2, …vt and the state j at t,
while β t ( j ) accounts for remainder of the sequence vt+1, vt+2, …vT, given j at t. The
denominator is a normalization factor, so that ∑ Nj=1 γ t ( j ) = 1 . Now, using γ t ( j ) the
individually most likely state xt is

xt = arg max[γ t ( j )], 1 ≤ t ≤ T
1≤ j ≤ N

(8.4)
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Figure 8-3 shows an example of estimated state sequence (Li) on type-I vocal segment
that was determined a priory by maximum likelihood p( wi | V ) of possible segment
interpretations wi given V.

τ1
τ2
τ3

τ4

Figure 8-3: Example of estimated 4-state sequence on type-I vocal segment. The
alignment features ( τ i ) were derived as onset at observation at time t for HMM-based
articulation analysis.

8.3.2 Audio-Visual Alignment Model
Once the states the recognized vocal classes have been segmented, we can formulate an
alignment model. An articulatory (unit) class (Figure 8-2) ai can be defined as joint
stochastic processes of gesture kinematics and transitions in vocal dynamics over some
suitable time interval T. The parameter vector of observation sequence Q at time t is

qt = υ h , a h , a h,hd , υ h,hd , τ w ,
i

1≤ t ≤ T .

(8.5)

Chapter 8. Audio-Visual Articulation Model for Spontaneous Gestures

79

Where, the movement kinematics was represented by 2D positional and time differential
parameters of the hand and the head movement.

υ h , a h , are velocity and acceleration of

hand movement; vh , hd , a h , hd are relative velocity and acceleration of the hand with respect
to the head location. Observation vector

τ w is defined as a temporal onset at time t and
i

locations of state transitions of the nearest vocal class wi (Figure 8-3 ). Gaussian noise of

σ = 0.8 was added to the resulted contours to decrease interparameter dependency. As in
the previous chapters, to learn Audio-Visual HMM parameters Baum-Welch reestimation algorithm [136] was applied. The segments of type-I, II were separately
trained for each HMM. The articulatory class ai was selected as the one with the highest
likelihood of p(ai | Q, wi ) .
Unlike the formulation in Chapter 5, the current audio-visual model was aimed at
the articulatory units that may or may not be an integral part of another gesture. The
state-based parameter set was feasible due to relatively tight synchronization between
hand movements and transitions in voice. The phonological factors of both F0 and
intensity were not considered in purpose, since the main objective was to explore the
physiological phenomena of concurrent voice perturbations. The next chapter presents
results of this formulation in the domain of conversational gesticulation.

Chapter 9

Articulation Analysis of Spontaneous Gestures

The totals of 1128 segmented gestures were used in conversational corpus composed of
about 30 minutes of video. The corpus was divided on the training set composed of 476
examples and 652 test sequences. All which either included type-I or type-II vocal
models. Approximately 64% of gesture movements included both types of vocal
segments. Among them in about 72% of the cases the delay in F0 peak followed by the
delay in intensity peak. Lack of general knowledge about this phenomenon restricted
application of pruning for training purposes. E.g., in case of co-articulation models
(Eq. 6.3) only the prominent speech segments were selected.

9.1 Recognition of Articulatory Units
Two types of classification performance are evaluated in this chapter. First, the three
(visual) HMMs that contained only kinematical representation of transitional beats,
iconic beats, and beat gestures in the defined parameter set (see, Eq. 8.5). Secondly, the
six audio-visual HMMs (Eq. 8.5) that considered two types of vocal dynamics (type-I-II)
were tested. It is important to note that both HMM formulation did not include any
features that contain any geometrical information about where gesture was made. Ideally,
it would be the case since there is certain pattern of where in the speaker’s personal space
gestures occur, cf. [3]. This analysis was done on the data from 5 speakers that were
characterized by normal conversational style, see section 4.1.3.
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9.1.1 Visual HMM
The topology for the let-right HMMs were experimentally selected such that: stand-alone
beat and iconic beat gestures both included 4 states; transitional beats- 5 states. Table 9-

1 presents recognition results in the form of a confusion matrix of total 652 segments
(45.9% –beats; 43.2% – iconic beats; 10.8% – transitional). The lowest classification
performance was shown for iconic beats (56.3%). This result indicates kinematical
similarity with simple beats (34.4% rejection and 20.6% substitution) and transitional
beats (25.1 % substitution). Transitional beats were the closest to iconic ones, perhaps,
due to the relative complexity with rest to simple beats. Overall these results show a
large overlap in the kinematical characteristics of beat-like gestures.
Table 9-1: Confusion matrix for beat-like gesture classification results with visual HMM

True Class ID
Iconic Beat
%
34.4

Trans Beat
%
12.5

Subst. Errors
%

Classified as
Beat

Beat
%
73.5

Iconic Beat

20.6

56.3

25.1

34.6

Trans Beat

5.9

9.4

62.4

19.2

Reject Errors
%

26.5

43.8

37.6

46.2

9.1.2 Audio-Visual HMM
Unlike audio-visual analysis in Chapter 5 (cf., section 7.1), the HMM configuration have
been empirically adjusted to accommodate the set of audio-visual alignment features
(Eq. 8.5). The HMMs representing beat gestures remained as a 4-state model, the iconic
and transitional beat models were represented by 5-state models. The same data sets were
used for this analysis.
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Table 9-2 summarizes the classification results using the audio-visual model.
There was a significant improvement for all the classes. The most notable difference
appeared in the case of iconic beat movements (74.8% versus 56%). Figure 9-1
demonstrates an example of improved recognition in this category. The least
improvement was observed for transition beats (68.6% versus 62.4%). There was no
clear distinction on which type of vocal perturbation contributes more to the classification
except the beat gestures. 46.5% of type –II were more likely to be aligned then type – I
(36.5%).
Table 9-2: Confusion matrix for articulatory units classification with audio-visual HMM
using derived features from vocal model of type I-II.

Classified
as
Beat
Iconic Beat
Trans Beat

Beat
%

Type
I

36.5

II

46.5

I

5.7

II

4.7

I

3.7

II

3.0

Reject Errors
%

82.9

10.4
6.7
17.1

True Class ID
Iconic Beat
%
9.9
17.7
7.8

Trans Beat
%
2.9
8.6
5.7

40.1

12.9

34.8

3.2
4.3

74.8

7.4
25.2

11.4
35.7
32.9

Subst.
Error
%

22.9

24.3

33.8

68.6

28.9

32.4

9.2 Discussion
The results of the classification clearly demonstrated the possibility of exploiting the
prosodic relationships between gestures and speech on the level of articulatory behavior.
The significant improvement across all the categories has also shown feasibility of using
statistically identifiable (gross) perturbations in speech dynamics. It is not clear, what is
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the source of these perturbations due to the absence of similar studies. The rest of the
discussion will present potential contributions to the automated understanding of
communication and the issues to consider in future research.

Figure 9-1: Example of the improved classification with audio-visual HMMs. The iconic
beat does not have a representative oscillatory movement (right) but has a clear type-II
vocal pattern (below).

9.2.1 Articulation and Communicative Intent
Krauss [100] proposes to distinguish between interpersonal and intrapersonal functions
that nonverbal behaviors serve. The interpersonal functions involve information such
behaviors convey to others, regardless of whether they are employed intentionally (like
the facial emblem) or serve as the basis of an inference the listener makes about the
speaker (such as dysfluency). The intrapersonal behavior involves non-communicative
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functions that do not directly contribute information, but these could convey something
about the cognitive state of the speaker. Such duality of nonverbal behavior was briefly
underlined by present formulation. The articulatory units were purposefully chosen to
represent different discourse functions. Iconic beats have clear communicative purpose.
Whereas, beat gestures are more on the intrapersonal side but still have strong
articulatory component. The transitional beats have least of the articulation effort but are
the indicators for the spoken discourse shifts with relatively loose coupling of prosodic
features. These are usually followed by regular beat gestures as described by McNeil [3],
cf. section 2.1.2. However, there are number of factors that have to be considered for
formulating robust computational framework, some of which have distinct applications.

9.2.2 Interspeaker Variations
All behavioral biometrics are to a degree inextricably linked to physiological properties
of the person [157] and cause distinguishable patterns in verbal (cf. section 8.1) and
nonverbal communication. Since, nonverbal communication has a relatively unique from
speech property of being more interpersonal [100], it will become a promising domain
when automated methods allow reliable “event spotting” in both audio and video. The
analysis in previous section underlined possibility of rather reliable recognition of
articulatory events. Although the ideal automated method would involve continuous
recognition, the applied methodology could be extended with more thorough modeling of
domain events.
Similar to existing frameworks for using speech prosody (see [156] for review),
we consider a “gesticulation style” measure. A descriptive measure was composed from
the recognized articulatory units to reveal interspeaker differences. Figure 9-2
summarizes the distribution of the articulatory units over 5 minutes of the monologues
for 5 male subjects.
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Figure 9-2: Distribution of the articulatory units for the equal length and style monologue
of 5 minutes. Speakers’ ids are shown on the right.
Preliminary observation shows significant variability of the used articulatory categories.
The conclusion would be that speaking style can be represented by the selected classes of
articulatory units that have different function in the spoken discourse. Sequencing pattern
and individual variation of audio-visual features may be also important. However, more
detailed analysis is outside of the current scope.

Chapter 10

Conclusions

10.1 Prosody Based Perspective
Lack of fundamental understanding of psychophysiological aspects of verbal and nonverbal language co-production have restricted have the state of the art of multimodal
analysis to the semantic level. This work presents an attempt to introduce a novel “signallevel” approach for improving vision-based continuous gesture recognition using speech
information. Underling assumption used in this work is that prosodic cues that can be
found in the separate modalities, e.g., spontaneous gesture and speech, can be used to
establish cross-modal relationships. The exploratory approach for investigating various
issues of prosodic structuring has resulted in a generic framework of prosody-based coanalysis of audio-visual signal. The analysis showed encouraging results in Weather
Narration and natural presentation corpora. Developed framework is potentially a
complementary component for real-time acquisition of natural gesticulation (and may be
speech) at the recognition level. The articulatory framework is potentially a step towards
exploiting spontaneous communication behavior in areas of biometrics, collaborative
interaction, and naturalistic gesture synthesis.

10.2 Summary of Contributions



The concept of using prosodic information has been demonstrated in two
gesture domains: deictic and spontaneous gesticulation. It has been shown that

Chapter 10. Conclusions

87

(observable) prosodic features carry embedded cross-modal relationships
during gesture and speech co-production.



A generic computational framework has been developed to consider two
levels of prosodic phenomena during deictic gesticulation and concurrent
speech: psychophysiological constraints (involuntary) and co-articulation
(voluntary):
− Physiological constraints of coverbal gesture production were explored in
a feature-based co-analysis framework. HMM-based approach is a suitable
method since it captures movement phases within the gesture; F0 contour
(correlate of pitch) provides information to improve phase segmentation.
− Co-articulation analysis was based on the alignment of intonationally
prominent speech segments and hand velocity. Gesture phonemes have
been found to have different alignment pattern with prominent speech
segments. Type of deictic reference (for contour stroke) and falls/rises of
intonation have been also found to be significant factors affecting gesture
and speech co-occurrence.
− The two levels of co-analysis have been found to provide complementary
information by eliminating different types of recognition errors for
continuous gesture recognition.



Developed

initial

articulatory

framework

for

analysis

spontaneous

gesticulation for non-deictic gestures:
− Articulatory model was formulated for capturing the phenomena of
perturbation in vocal features during beat-like gesture production
− Formulated articulatory-based framework has a potential of application in
biometrics, gesture synthesis, and analysis of collaborative behavior.
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10.3 Future Work
Based on the experimental conditions presented earlier in the chapter, one of the primary
goals of the proposed research is to establish what co-analysis features are less
susceptible to the idiosyncrasies of the subjects. Both hindered and uninterrupted trials
will be considered for analysis. It is expected that narrative context, such as lexical
variation (different words), F0 baseline (overall tone of the voice), and etc. will have an
effect on overall results. As a complementary analysis will consider co-analysis features,
which are more unique has its potential for development in biometrical identification as
one of the idiosyncrasy signatures. Since correlate of pitch, F0 is quite speaker-dependent,
and influenced by gender and age, e.g. [11], it is expected to influence overall coanalysis features. In fact, preliminary analysis of Weather domain has shown some
gender-dependency of co-occurrence features. Sparris and Carey [158] have shown that
the F0 ranges for males and females are almost non-overlapping, with approximately 60
Hz difference between the corresponding base lines. One of the immediate issues for
generalization problem is to investigate if there is some dependency between absolute F0
magnitude and cross-modal alignment of prosodic features. If there is some dependency a
normalization method can be suggested based on F0 baseline.
In general, future direction includes improving the computational models using
adoptive probabilistic methods. Currently application of asynchronous and parametric
HMMs is under the investigation.

Appendix

Bayesian Networks

Given a set of observations in some domain, Bayesian networks (BN) have been
traditionally used to model the process that generated the data. BN are graphical models
that describe dependencies in a probability distribution function defined over a set of
variables. Namely, dependencies among variables are represented in graphical fashion
and used to decompose the distribution in terms of conditional independence relations
defined over subset of variables. Recently BNs that have compact representations for the
conditional probability distributions stored at each node have been an object of attention
for practicality reasons. Chickering et al. [144] introduced a Bayesian approach to
learning Bayesian networks that contain decision-graphs generalizations of decision trees
that can encode arbitrary equality constraints to represent the conditional probability
distributions in the nodes. This appendix presents general overview of the Bayesian
networks as defined in [144], their estimation, and inference as it was applied to coarticulation analysis (Section 6.4). WinMine toolkit [159] was used for BN estimation
and evaluation according to [144].

A.1 Bayesian Networks with Local Structure
Consider a domain U of n discrete variables x1,…, xn, where each xi has a finite number
of states. A Bayesian network for U represents a joint probability distribution over U by
encoding (1) assertions of conditional independence and (2) a collection of probability
distributions. Specifically, a Bayesian network B is the pair (BS; Θ), where BS is the
structure of the network, and Θ is a set of parameters that encode local probability
distributions.
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The structure BS has two components: the global structure G and a set of local
structures M. G is an acyclic, directed graph (dag), which contains a node for each
variable xi

U. The edges (arcs) in G denote probabilistic dependences among the

variables in U. Par(xi) is used to denote the set of parent nodes of xi in G. We use xi to
refer to both the variable in U and the corresponding node in G. The set of local
structures M = {M 1 ,..., M n } is a set of n mappings, one for each variable xi, such that Mi
maps each value of {xi , Par ( xi )} to a parameter in Θ.
The assertions of conditional independence implied by the global structure G in a
Bayesian network B impose the following decomposition of the joint probability
distribution over U:

p(U | B) = ∏ p( xi | Par ( xi ), Θ, M i , G )
i

( A.1 )

The set of parameters Θ contains-for each node xi, for each state k of xi, and for
each parent state j-a single parameter Θ(i, j, k ) that encodes the conditional probabilities
given in Equation A.1. That is,
p ( xi = k | Par ( xi ) = j , Θ, M i , G ) = Θ(i, j , k )

( A.2 )

Note that the function Θ (i; j; k) depends on both Mi and G. For notational
simplicity this dependency is left implicit.
Let ri denote the number of states of variable xi, and let qi denote the number of
states of the set Par(xi).
We use Θij to denote the set of parameters characterizing the distribution
p ( xi | Par ( xi ) = j , Θ, M i , G ) :

Θij = ∪ rk =1 Θ(i, j , k )
i

Θi is used to denote the set of parameters characterizing all of the conditional
distributions p ( xi | Par ( xi ), Θ, M i , G ) :

Θi = ∪ qj =1 Θij
i
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In the “classical” implementation of a Bayesian network, each node xi stores
( ri − 1) ⋅ qi

distinct parameters in a large table. That is, Mi is simply a lookup into a table.

Note that the size of this table grows exponentially with the number of parents qi.

A.2 Decision Graphs
There are often equality constraints that hold among the parameters in Θi, and researchers
have used mappings other than complete tables to more efficiently represent these
parameters. For example, consider the global structure G (Figure A–1) with all nodes
being binary. Then a decision graph, where the non-root nodes can have more than one
parent, can be used to implement mapping of Mz at node z. Resulted decision graph
(Figure A–1) represents a conditional probability distribution p( z | x, y, Θ) for the node z.
Specifically, the decision graph encodes the equality

p( z | x = 0, y = 1, Θ) = p( z | x = 1, y = 0, Θ)
Let Di denotes a decision graph for node xi. If the mapping in a node xi is
implemented with Di, it is used instead of Mi to denote the mapping. A decision-graph Di
can explicitly represent an arbitrary set of equality constraints of the form

Θij = Θij '
for j

( A.3 )

j’. Any equality constraint of the form given in Equation A.3 can also be

interpreted as the following independence constraint:
xi II Par ( xi )| Par ( xi ) = j or Par ( xi ) = j '

Such that, if nodes in a decision graph Di are to split on node xi as well as the
nodes in Par(xi), we can represent an arbitrary set of equality constraints among the
parameters Θi.
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A.3 Learning Bayesian Network
Given a scoring function that evaluates the merit of a Bayesian-network structure
BS, learning BN from data reduces to a search for one or more structures that have a high
score. To derive the Bayesian score (measurement-of-fit) an assumption has to be made

X

0

X

1

Y
y

y

0

p(z|x=0, y=0)

Z

a)

1

0

p(z|x=1, y=0)
=
p(z|x=0, y=1)

1

p(z|x=1, y=1)

b)

Figure A–1: Bayesian Network for U={x,y,z} (a) and its decision graph for
node z
about the process that generated the database D. In particular, it is assumed that the
database D is a random (exchangeable) sample from some unknown distribution ΘU, and
that all of the constraints in ΘU can be represented using a network structure BS
containing decision graphs.
From the previous section, the structure Bs = {G , M } imposes a set of independence
constraints that must hold in any distribution represented using a BN with that structure.
Let Bsh to be the hypothesis that (1) the independence constraints imposed by structure BS
holds in the joint distribution ΘU from which the database D was generated, and (2) ΘU
contains no other independence constraints.
The Bayesian score for a structure BS is the posterior probability of Bsh , given the
observed database D:
p ( BSh | D) = c ⋅ p (D | BSh ) p ( BSh )
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where c =

1
p( D)

, which can be ignored if we are concerned with relative scores. Assuming

that prior p ( Bsh ) is uniformly distributed, the marginal likelihood term p(D | BSh ) can be
assessed by integrating over all unknown parameters Θ:
p( D | BSh ) = ∫Θ p( Θ | BSh ) p( D | Θ, BSh )

( A.4 )

To allow Equation A.4 to be expressed in closed form, assumption of parameter
independence and Dirichlet assumption are made. First, states that given the hypothesis
Bsh , knowledge about any distinct parameter set Θab (a denotes index node, b- parent state

index) does not give any information about any other distinct parameter set. Dirichlet
assumption restricts the prior distribution over the distinct parameter set to be Dirichlet,
see [144] for details.
Before showing the result, we must define the inverse function of Θ(i, j, k ) . Let Θ
denote an arbitrary parameter in Θ. The function Θ−1 (Θ) denotes the set of index triples
that Θ() maps into Θ. That is,
Θ −1 (Θ) = {i, j , k | Θ(i, j , k ) = Θ}
Let Dijk denote the number of cases in D for which xi = k and Par(xi) = j. We
define the number of cases in D that provide information about the parameter Θabc, Nabc,
as follows:
N abc =

∑

ijk ∈Θ −1 ( Θabc )

Dijk

Letting N ab = ∑c abc and αab = ∑c αabc Bayesian score can be written as follows:
|r | Γ( N
Γ(α ab )
abc + α abc )
⋅∏
( A.5 )
a =1 b∈L Γ ( N
c =1
Γ(α abc )
ab + α ab )
We can determine all of the counts Nabc for each node xa as follows. First,
n

p (D, BSh ) = p( BSh )∏ ∏

a

a

initialize all the counts Nabc to zero. Then, for each case C in the database, let kC and jC
denote the value for xi and Par(xi) in the case, respectively, and increment by one the
count Nabc corresponding to the parameter Θabc = p( xi = kC | Par ( xi ) = jC , Θ, Da ) . Each such
parameter can be found efficiently by traversing Da from the root. It is said that a scoring
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function is node decomposable if it can be factored into a product of functions that
depend only a node and its parents. Node decomposability is useful for efficiently
searching through the space of global-network structures. Note that Equation A.5 is node
h
decomposable as long as p ( BS ) is node decomposable, see [144] for details.

Given a scoring function, learning Bayesian networks from data reduces to a search
for one or more structures that have a high score. Finding the optimal structure containing
complete tables for the mappings M is NP-hard when using a Bayesian scoring function.
Chickering et al. [144] describes a greedy algorithm that combines global structure search
over the edges in G with local-structure search over the decision graphs in all of the
nodes of G.
Suppose that in the decision-graph Di for node xi, there is no non-leaf node annotated
with some parent π ∈ Par ( xi ) . In this case, xi is independent of ≺given its other parents,
and we can remove ≺ from Par(xi) without violating the decomposition given in Eq. A.1.
Thus given a fixed structure, we can learn all the local decision graphs for all of the
nodes, and then delete those parents that are independent. We can also consider adding
edges as follows. For each node xi, add to Par(xi) all non-descendants of xi in G, learn a
decision graph for xi, and then delete all parents that are not contained in the decision
graph. Refer to [144] for more details.

A.4 Inference in Bayesian Network
One of the strengths of BNs is that they allow inference from the partial knowledge, i.e.,
states of unknown variables can be estimated from an arbitrary set of variables with
known states. Although, in general known to be NP-hard problem, for many discrete or
linear BNs efficient update rules can be applied. One of the sampling methods that allow
doing that is based on Markov blanket conditional density models (MBM).
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A set Mi with p ( xi | {x1 ,..., xn }/ xi ) = p ( xi | M i ) is called Markov blanket of xi. In
other words, in a given BN, the Markov blanket of a variable consists of its parents, its
children, and its children’s parents. A MBM consists of Markov blankets Mi and of
conditional density models p M ( xi | M i ) ≈ p ( xi | M i ) , see [145] for details. With n binary
n

variables and no independencies in a BN we would have ∑ 2i −1 free parameters. Instead in
i =1

a MBN, it would be reduced to n ⋅ 2 n −1 . In WinMine tool it is used to compute the
posterior probability of an output variable. That is, the probability is evaluated as a
function of both the local distribution of the output variable, and the local distributions of
its children, see [159] for details.
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