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Abstract

The interactions between humanoid robots and humans is a growing area of research, as
frameworks and models are being continuously developed to improving the ways in which
humanoids may integrate into society. These humanoids often require intelligence beyond
what they are originally endowed with in order to handle more complex human-robot inter-
action scenarios. This intelligence can come from the use of additional sensors, including
microphones and cameras, which can allow the robot to better perceive its environment.
This thesis explores the scenarios of moving conversational partners, and the ways in which
the REEM-C Humanoid Robot may interact with them. The additional developed intel-
ligence focuses on external microphones deployed to the robot, with a consideration for
computer vision algorithms built using the camera in the REEM-C’s head.

The first topic of this thesis explores how binaural acoustic intelligence can be used
to estimate the direction of arrival of human speech on the REEM-C Humanoid. This
includes the development of audio signal processing techniques, their optimization, and
their deployment for real-time use on the REEM-C.

The second topic highlights the computer vision approaches that can be used for a
robotic system that may allow better human-robot interaction. This section describes
the relevant algorithms and their development, in a way that is efficient and accurate for
real-time robot usage.

The third topic explores the natural behaviours of humans in conversation with moving
interlocutors. This is measured via a motion capture study and modeled with mathematical
formulations, which are then used on the REEM-C Humanoid Robot. The REEM-C uses
this tracking model to follow detected human speakers using the intelligence outlined in
previous sections.

The final topic focuses on how the acoustic intelligence, vision algorithms and tracking
model can be used in tandem for human-robot interaction with potentially multiple human
subjects. This includes sensor fusion approaches that help correct for limitations in the
audio and video algorithms, synchronization and evaluation of behaviour in the form of a
short user study. Applications of this framework are discussed, and relevant quantitative
and qualitative results are presented.

A chapter to introduce the work done to establish a chatbot conversational system is
also included.

The final thesis work is an amalgamation of the above topics, and presents a com-
plete and robust human-robot interaction framework with the REEM-C based on tracking
moving conversational partners with audio and video intelligence.
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Chapter 1

Introduction

Robotic systems, more speci�cally humanoids, are becoming more and more integral to a
society that is depending on automation to assist humans in their everyday tasks. This
automation applies to a variety of areas, including robotics for manufacturing and assembly
tasks, social robotics, security and surveillance, and more. These environments require hu-
mans to perceive their environment and work alongside other humans through both verbal
and non-verbal communication. In order for humanoid robots to e�ectively handle these
complex scenarios, they will require intelligence beyond what they have been originally
endowed with in order to perceive and respond in a similar manner to humans.

In the context of human-robot communication, an acoustic form of intelligence may be
required to respond to auditory stimuli and maintain conversational dynamics. Human-
robot workspaces will involve humans verbally communicating with each other to provide
instructions and feedback, amongst other auditory stimuli, such as tools being used or
tables being moved around. Humans will also be moving around in these environments,
and so humanoid robots will require the ability to communicate with human subjects and
respond to this motion in a natural and intelligent way. The usage of acoustic intelligence
on a humanoid robot is therefore of research interest, more speci�cally, identifying the
direction of arrival of human speech and being able to reject other non-speech sounds.
Acoustic direction of arrival techniques have been studied [30], but their integration with
robotics systems in real-time, and the ways in which the robotic systems should respond,
is still a challenging problem.

The limitations of acoustic intelligence may still be ameliorated with the usage of vision.
Humanoids often have the capability to use vision systems, which may complement the
acoustic intelligence and vice versa. For use in real-time, these vision systems will have
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to be lightweight, fast, and designed to adhere to the real visual data that the robot
will perceive as opposed to external datasets that may not be representative (in terms of
resolution and frame rate, for instance). This thesis also explores relevant vision systems
for human-robot interaction. Sensor fusion techniques that use both the vision and audio
information in tandem are also designed and evaluated.

The desired behaviour of humanoids in these scenarios is another topic of interest.
Past work such as [15] explores how humans use their body to turn towards targets during
locomotion. With the potential to detect the angular displacement of human subjects, a
humanoid will also need to naturally reorient to the moving interlocutor. This behaviour
will need to be realistic and human-like to allow for humans to accept their presence in
everyday scenarios. A method to measure, model and evaluate this behaviour is also
presented in this thesis. This behaviour is then integrated with the previously described
systems, resulting in a more complete and robust HRI framework.

The overall goal of this work is to explore a variety of techniques with which the
REEM-C Humanoid Robot can be made more aware of its environment in a human-
robot interaction context, and how the robot should respond given a variety of scenarios.
This work has direct applications to social robotics and human-robot collaboration, and
distinguishes itself by integrating a number of di�erent intelligent systems to augment the
capabilities of the REEM-C humanoid robot.

1.1 The REEM-C Humanoid Robot

The robotic system used for this work is the REEM-C Humanoid, manufactured by PAL
Robotics in Spain. It has a combined 68 degrees of freedom, stands at a height of 165cm,
and has a weight of 80kg. Fig 1.1 shows the REEM-C used for this work at the University
of Waterloo.

The human-like appearance makes this robot ideal for developing human-robot in-
teraction frameworks. This work adds to the capabilities of the REEM-C by installing
microphones on the head to facilitate binaural audio processing. This installation is done
in a way that replicates the con�guration of human ears, and maintains a realistic, natural
appearance for the REEM-C, as opposed to other potential solutions such as the ReSpeaker
or the Amazon Alexa.

This thesis places a direct focus on the abilities of the REEM-C to reorient itself using
the head, torso and feet. The head has two degrees of freedom, which control its yaw and
pitch. The torso of the REEM-C has the same two degrees of freedom, which control its
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Figure 1.1: REEM-C

yaw and pitch allowing for more expressive movements. The legs, with 6 DoF each, are
controlled via a stepping behaviour, implemented via a ROS client provided by PAL, which
controls the size and orientation of the steps made by both legs.

The speci�c usage of these DoF are outlined in Chapter 4. Figures 1.2 and 1.3 show
the upper and lower kinematic chains of the REEM-C. Each coordinate frame is located
at the joint, and each tree structure begins at the base link, which is the pelvis, where the
center of mass of the REEM-C lies.

Hence, for the upper body, the joints of interest in this work arehead 2 and torso 2
as they control the yaw of the REEM-C. For the lower body, stepping is controlled via a
higher level interface that resolves step size and change in orientation to the required joint
angles. The details for how these joints are controlled are explained in Chapter 4.
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Figure 1.2: REEM-C upper-body kinematic chain

Figure 1.3: REEM-C lower-body kinematic chain
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1.2 Problem De�nition

This thesis approaches human-robot interaction from multiple perspectives.

The �rst is the development of sound source localization capabilities for the REEM-C
Humanoid Robot, which can be used for detecting human speech and the direction from
which the speech arrives. This can be done with a binaural setup, applying real-time audio
digital signal processing concepts.

The second perspective is to design algorithms to identify the behaviours of human
interlocutors using the vision capabilities of the REEM-C. These behaviours are focused
on the minutiae of human behaviours, such as gaze estimation and voice activity detection
with visual cues. The visual direction of arrival is also measured, as the supplement to the
acoustic direction of arrival.

When it comes to moving human subjects, it is necessary to develop a framework
with which the REEM-C may orient itself and track the interlocutor. This model can
be designed from data collected via motion capture studies, allowing for the REEM-C to
exhibit natural human-like behaviours modeled after real human interactions.

Finally, there is a need to e�ectively integrate all developed systems together at once
for operation on the REEM-C. This involves sensor fusion techniques for the audio and
video, as well as methods to account for the shortcomings of each sensor. The potential of
conversational agents to allow for a verbal interaction between human subject and robot
is also explored from a technical integration point of view.

1.3 Thesis Organization

The organization of this thesis conforms to the key points presented in the problem de�-
nition.

Chapter 2 outlines the audio signal processing pipeline and optimization used for real-
time deployment on the REEM-C.

Chapter 3 describes the relevant vision systems for the human-robot interaction frame-
work.

Chapter 4 reports on the motion capture study and modelling performed to allow for
the REEM-C to track moving conversational partners in a natural way.
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Chapter 5 describes the sensor fusion techniques and integration for the audio and
video intelligence, which improves the capabilities of the REEM-C to interact with multiple
subjects at once.

Chapter 6 brie
y outlines initial work done to add a conversational pipeline that utilizes
real-time audio streaming and response generation.

Finally, chapter 7 concludes with an overview of the thesis work and considerations for
the future.
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Chapter 2

Audio Signal Processing For
Direction of Arrival Estimation

2.1 Introduction

Speech is one of the most important forms of human communication and a key element
of social interaction. Thus, to better integrate humanoid robots into society and augment
human-robot interaction, it is important for them to achieve speech interactions that are
similar to human-human interactions. Speech interactions are a complex phenomenon that
includes both verbal and non-verbal behaviour. One aspect of this non-verbal behaviour
is how talkers and listeners orient their head and body relative to their conversational
partner.

In the present study, we focus here on a sub-task of identifying the direction of arrival
(DOA) of human speech. This is information is necessary for humanoid robots to interact
with humans in realistic and natural ways, such as orienting to and tracking human con-
versational partners (who may move during the conversations), or handling interactions
that involve multiple conversational partners. 1

Much work has been done on sound source localization (SSL) by robots (for a review
see [30]) and many of the methods are based on cues that are used by humans to localize
sound sources. Given an array of two or more microphones that are spatially separated,

1The content of this chapter is from the following journal paper: Pranav Barot, Katja Mombaur,
Ewen MacDonald, Estimating Speaker Direction On A Humanoid Robot With Binaural Acoustic Signals,
In Public Library On Science (PLOS ONE), 2023
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the sound from a source will arrive at each microphone at di�erent times. Thus, by
measuring the time di�erence of arrival between microphones, and knowing the geometry
of the microphone array, it is possible to estimate the DOA of the source. This method is
analogous to the use of inter-aural timing (ITD) di�erence cues used by humans. A related
approach involves the use of beamforming. The output level of a beamformer should be
higher if it is steered in the direction of the source. Thus, DOAs can be estimated by �nding
look directions which correspond to maxima of the beamformer output levels. If an object
is present between the microphones in an array, that object will alter the acoustic �eld and
can vary the level of the signals received at the di�erent microphones. For example, if the
object is large compared to the wavelength of the source, the object can cast an acoustic
"shadow". Thus, microphones where the object is located in the direct path to the source
will record lower levels than those where the object is not in the path. This is analagous
to inter-aural intensity di�erences (IID) used by humans (where the head can result in
substantial level di�erences between the ears at high frequencies). For di�erent DOAs,
the geometry of the irregularly-shaped human pinnae (the part of the ear that is on the
head) results in patterns of constructive and destructive interference that will vary with
DOA. These spectral notches "colour" the sound received by the ear. Thus, by estimating
the patterns of spectral notches, it is possible to infer the DOA. Given the complexity of
these patterns and the relationship with DOA, this used of this spectral approach relies on
learning methods.

A further factor to consider in SSL is the e�ect of the environment. In general, sound
sources radiate sounds in multiple directions. Surfaces that are present in the environment
(e.g., walls, 
oor, ceiling, furniture, etc.) will re
ect a portion of the incident sound. Thus,
the sound signal recorded at a microphone will be a sum of the acoustic signal from the
direct path between the source and the microphone and all the other paths that involve
one or more re
ections. In the context of DOA estimation, the paths that involve re
ection
will have a di�erent DOA than that of the direct path.

In the context of human speech interactions, another key factor is the timing of turns.
Previous work investigation human conversation has found that talkers start their turn
approximately 200-300 ms after their partner has �nished their turn[9, 45, 23]. To achieve
human-like interactions, it is necessary for a humanoid robot to respond within a similar
time frame. The latency of generating DOA estimates will limit how quickly a humanoid
robot can respond to movement of a current talker or orient towards a new talker. Works
such as [24, 40] consider accurate DOA estimation on robotic systems, but also require
a consideration for latency and turn-taking in the context of human-robot conversational
scenarios.

Our work evaluates and optimizes a pipeline consisting of two main stages. The �rst
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stage continuously generates DOA estimates based on the acoustic signals received from two
microphones placed on the head of a humanoid robot. The second stage categorizes these
DOA estimates as being "good", that is the estimate likely corresponds with the direct
signal from a human talker rather than background noise or a reverberant echo. Using a
manually collected and labeled dataset, we investigate the performance of the pipeline's
ability to detect direct human speech among background noise and self-generated robot
sounds, accurately estimate the direction of arrival, and account for latency of detection.
The unique parameters of the pipeline are optimized via either a brute force approach or
a more e�cient and useful Bayesian optimization approach, which sheds light on how the
pipeline's performance depends on each chosen parameter.

2.1.1 DOA Estimation

The �rst main stage in the pipeline is to generate DOA estimates based on the acoustic
signals received at multiple microphones. In the present study we consider the case where
there are two spatially separated microphones. Using two microphones as the robot's
"ears" is preferable to more complex arrays to minimize the associated computational
expenses, and also provides a more human-like appearance for the robot. For this case,
the simplest approach to estimate direction of arrival is to examine the cross-correlation
of signals from the two microphones to estimate the di�erence in arrival time between the
two microphones. These received signals can be streamed in real-time, or can be processed
after being recorded. The estimate of di�erence in arrival time can then be resolved to a
direction given that the geometric setup of the microphones is known.

Cross-Correlation and Beamforming

Beamforming is a method used to improve the directionality of an array of receivers. A
simple method is a delay-and-sum technique, where the signals from each receiver are
delayed by a �xed amount that varies across receivers and are then summed together. In
this way, the direction of the beam (i.e., direction in which the response from the spatial
�lter is largest) can be steered by varying the delays. As noted earlier, one can estimate a
DOA using a beamformer by steering the beam across all angles and �nding the direction
that results in the largest signal. When the array consists of only two microphones, the
delay-and-sum beamforming technique is closely related to the cross-correlation based DOA
method to estimate the maximal time alignment/beam direction.
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Consider two waves measured at receiver 1 and receiver 2, as per the equations below,
with some added Gaussian noise.

y1 = 2sin(x � 1) + N (0:5; 1:2)

y2 = 3cos(x � 0:5) + N (0:5; 1:2)
(2.1)

Their raw measured amplitude over time appears as in Fig 2.1.

Figure 2.1: Two Separate Waves Visualized

Applying a time domain cross-correlation operation directly results in an output as in
Fig 2.2.

Figure 2.2: Cross Correlation Output of Given Waves
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Figure 2.3: Two Waves Aligned After Shift of N=20

The maximum value appears at n=20 samples, indicating that this value best aligns
the two received signals. After shifting one signal by the required 20 samples, the resultant
is now as in Fig 2.3. Evidently, the signals are well aligned after using the estimate from
the cross-correlator.

Variations On Cross Correlation

Since traditional cross-correlators are computationally expensive and sensitive to back-
ground noise and reverberation, spectral domain methods are used in this work. Interau-
ral timing di�erences are estimated using the Wiener-Khinchin relation for the cross-power
spectrum, using the Fourier transforms of two recorded signals x and y.

Gxy = X [f ]Y [f ]� (2.2)

This relation is used to estimate cross-correlation output of x and y as per the fol-
lowing generalized formulation, theargmax of which indicates the ITD between the two
microphones [20].

R̂xy =
Z 1

�1
 (f )Gxy (f )ej 2�f � df (2.3)

The cross-correlation vector is then the inverse Fourier transform of this result.
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Spectral Domain Cross Correlation

The spectral domain cross correlation comes with no whitening transform on the cross
correlator. This results in the general estimator as in Eq (2.4). The advantage is the
computational e�ciency of not requiring a delay-and-sum operation in the time domain
while still generating an estimate of the cross-correlation output.

 CC (f ) = 1 (2.4)

Generalized Cross Correlation - Phase Transform

The phase transform (GCC-PHAT) pre-whitens the cross-correlation response using the
value of  as in Eq (2.5), providing robustness against re
ections in di�cult auditory
environments [30].

 P HAT [f ] =
1

jGxy (f )j
(2.5)

Generalized Cross Correlation - Smoothed Coherence Transform

The smoothed coherence transform (SCOT) aims to reduce the error contributed by both
signals X and Y, where the PHAT may not be able to adequately handle the case where
Gxx � 0 or Gyy � 0 in lower frequency bands. This provides the SCOT pre-whitening, as
in Eq (2.6).

 SCOT [f ] =
1

p
Gxx (f )Gyy(f )

(2.6)

These cross-correlation methods are visualized by their output on a frame of 350ms
containing speech. Fig 2.4 shows the results from a time domain cross correlation, a
frequency domain cross correlation, and the GCC-PHAT.

The two naive cross-correlation methods generate noisier outputs, as their local maxima
are quite similar to the global maxima. This is attributed to re
ections and reverberation
present in the audio frame, which make this problem more complex. However, the GCC-
PHAT is able to �nd one peak that is far more prominent than the rest, as a result of
the applied pre-whitening transform. The prominence of the peak increases the con�dence
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Figure 2.4: Cross Correlation With Di�erent Estimators

that the estimated timing di�erence is in fact due to the direct speech, and not a stray
re
ection or reverberation.

The performance of these methods will depend heavily on the chosen audio frame size,
background noise and the environment of the robot. Optimization performed in later
sections will indicate which method works best for the given tasks.

2.1.2 Generating the Direction Of Arrival

Once the timing di�erence has been determined, a geometric model is used to estimate the
direction of arrival of the sound source. A simpli�ed description is presented in Fig 2.5,
showing two microphones M1 and M2, separated by a distance D, with two unique path
lengths X1 and X2 to a sound source S.

Given the right triangle made by M1, M2 and the path length X1, with an angle of
� , the opposite then becomesDsin� , given the distanceD between the two microphones.
This distance represents the extra distance the wavefront must travel to reach M1 once it
has reached M2. This distance is directly computed from the timing di�erence� , and so
the measured quantities are related as in Eq (2.7).

Dsin� = �v sound (2.7)
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Figure 2.5: Simple DOA geometry

Since the geometry of the robot head setup is not exactly as in this simpli�ed model,
the timing di�erence is used in the Woodworth-Schlosberg model [33] to estimate the DOA
on a spherical robotic head, such as the REEM-C's. Eq (2.8) shows the modi�cation that
now maps the timing di�erences� as a function of the DOA. This new model accounts for
the extra radial distance the wavefront must travel to reach the microphone on the other
side of the head. This mapping is used to �nd the corresponding value of the direction of
arrival � in real-time. The ear-to-ear distance D of the REEM-C is calibrated by measuring
the ITDs at a number of known angles, and calculating the distance that would result in
these measurements. With this method, he average ear-to-ear distance is computed as d
= 0.255m.
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� (� ) =
D

2 � vsound
(� + sin(� )) (2.8)

2.1.3 Environmental considerations

In a real-world application, it is likely that a humanoid robot will interact with humans
in an environment that has some background noise. Voice activity detection (VAD) is a
common problem in audio processing contexts, where the goal is to identify when speech is
present in an audio recording. When computing the DOA on the REEM-C, the streamed
audio will contain a variety of sounds that may not be speech, such as robot operation
noises and ambient noise. Reverberant echoes from a talker will also generate spurious
DOA estimates as the direction of these echoes is not the same as that of the direct path
from the source. We explore two methods to classify if a DOA estimate is "good" (i.e., the
estimate is likely correspond with the direct path of speech from a talker).

Power Onsets

If the microphone signal is split into frames with some window length, the energy in each
frame will vary over time based on the 
uctuations from the sound source. In a reverberant
environment, when a talker stops speaking, it will take some time for the sound energy to
decay. When a talker begins speaking, the sound from the direct path will arrive at the
microphone before later re
ections. Thus, a frame that was more energy than the previous
frame (i.e., an onset) is more likely to have relatively more energy from the direct path
than a frame that have less energy than the previous one. Here we choose to use successive
frame power ratios rather than di�erences, where an onset is detected if the power ratio
exceeds a certain threshold. For a certain frameFi ,

Fi =

8
<

:
speech frame if � high > 1

N

P N
j

F 2
i;j

F 2
i � 1 ;j

> � low

non-speech frame else
(2.9)

The parameters� low and � high can be tuned and will depend on the environment of the
recording. � low indicates a minimum required change in frame power, and� high establishes
an upper limit to discriminate against very loud sounds, such as a crashing chair or slammed
door. Hence, direct human speech is considered to be limited within a range of power onset
values.
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Speech-Reverberant Modulation Ratio

The speech-reverberant modulation ratio (SRMR) [38] is a metric that was developed to-
wards predicting the intelligibility of speech in a given audio frame. Conceptually, anechoic
speech (i.e., the direct signal) should have signi�cant amplitude modulations between 4-16
Hz, which are related to the acoustic signals that correspond with syllables and phonemes.
In the presence of reverberation, delayed and attenuated versions of this acosutic signal
are summed together. This results in an increased level of envelope 
uctations at higher
frequencies. Thus, a ratio of the modulations at low frequencies vs. those at higher fre-
quencies provides a measure that is related to energy of the direct signal vs. that of the
reverberant components.

We apply our own lightweight implementation of the SRMR, by �rst using the Hilbert
transform to extract the envelope of the speech frame. The frequency content of the enve-
lope is analyzed by computing the ratio of energy present in modulation bands associate
with speech and modulation bands associated with reverberant audio content. The fre-
quencies and bandwidths for the speech and reverberant bands are speci�ed in [38]. Overall
the frame classi�cation is performed as follows for a frameFi ,

Fi =

8
<

:
speech frame if � high >

P 4
j =1 ej

P 8
j =4 ej

> � low

non-speech frame else
(2.10)

where ej is the energy present in the j-th frequency band of the extracted envelope.
This ratio is used as a potential measure for voice activity, and is given thresholds� low and
� high for similar reasons as the power onsets.

2.2 Problem Statement

A number of methods have been introduced to perform the signal processing necessary for
DOA estimation. These methods also involve numerical parameters, which will need to be
selected for the human-robot interaction (HRI) task at hand. There is a need to identify
the best parameters speci�cally for a binaural DOA setup on the REEM-C Humanoid
Robot, which may be used in reverberant environments for the purposes of HRI. There is
also a need to evaluate the implications of using these parameters in real-time, in terms of
their accuracy and latency when it comes to HRI scenarios.

This work aims to tackle this problem by presenting a method to identify the best
parameters for DOA estimation, including the classi�cation methods, and numerical pa-
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rameters such as frame sizes and thresholds. Parameters are optimized using a brute force
and a Bayesian optimization approach, and used in a real-time implementation on the
REEM-C, with a consideration for latency and potential applications for HRI.

2.3 Data Preparation

The binaural DOA setup is deployed onto the robot with a taut headband that places
the microphones the head of the REEM-C at the positions that would correspond with
human ears, providing a realistic and human-like appearance and con�guration. A Scarlett
2i2 audio interface was used with 2 lavalier microphones. This set up was chosen as it is
inexpensive and could be adapted and deployed to a wide range of robotics platforms.

Audio recordings were made in a lab environment with the robot operational. This
simulates the noise that would be encountered while human-robot interaction scenarios
are underway. The annotated periods of speech as well as ground truth locations of the
speakers were used to properly estimate the parameters of the DOA pipeline in later
sections. The dataset involves 8 recordings to �t parameters and 3 recordings to test the
results. Recordings were made in a variety of conditions: stationary vs. moving human
talker, while the robot was stationary or performing certain pre-de�ned motions such as
gestures with the arm, head or torso. Other non-speech sounds may also be present, such
as foot steps, shifting of chairs and tapping of lab tools against table surfaces. As explained
further in the optimization approaches, a weighting is applied to the training set to favour
better performance on recordings with more di�cult acoustic conditions. The speci�cs of
each recording are shown in Table 2.1.

A good set of parameters will result in the classi�cation that ignores the non-speech
sounds but still accurately estimates the DOA of the human talker when they are speaking,
even during the relatively noisy operations of the robot.

Fig 2.6 shows the spectrogram of recording 5, with simultaneous robot and speech
sounds. The REEM-C performs some motions with the arms, which clearly show up in
the spectrogram.

2.4 Optimization Approaches

The optimization and parameter selection takes place via two methods, each with ben-
e�ts and drawbacks. The results from both methods are compared and contrasted to
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Table 2.1: Key Information Of Collected Recordings

RECORDING DATASET KEY NOTES
1 TRAIN stationary, only speech sounds
2 TRAIN mobile, only speech sounds
3 TRAIN stationary, speech + non-speech sounds
4 TRAIN stationary, simultaneous speech + non-speech sounds
5 TRAIN stationary, simultaneous robot + speech sounds
6 TRAIN mobile, speech + non-speech sounds
7 TRAIN mobile, only speech sounds
8 TRAIN stationary, speech + non-speech sounds
9 TEST mobile, robot + speech sounds
10 TEST stationary, robot + speech sounds
11 TEST mobile, only speech sounds

assist with choosing the best set of parameters to use on the test set and the �nal robot
implementation.

2.4.1 Brute Force Grid Search

The brute force method attempts every possible combination of parameters across the en-
tire search space and chooses the parameters that best minimize the objective function.
From Table 2.2, the brute force method covers 2 classi�cation methods, 3 timing di�er-
ence methods and a series of numerical values (audio frame sizes, thresholds). To reduce
computational time, trials are ended when no windows of speech are found, leading to
empty DOA predictions. This is a computationally expensive approach since every possi-
ble combination of parameters will need to be attempted, and results will depend on the
granularity of the de�ned search space.

2.4.2 Tree Structured Parzen Estimator

The Tree Structured Parzen Estimator (TPE) is a Bayesian optimization approach that
evaluates past results to generate a probabilistic model of the hyperparameters and asso-
ciated score. Given a series of objective values,score, with their respective parameters,
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Figure 2.6: Spectrogram of audio sample with human speech and REEM-C motions

parameters, the TPE method generates two probability distributions by segmenting the
results based on a thresholdscore� .

p(parametersjscore) =

(
l(parameters) if score < score �

g(parameters) if score � score� (2.11)

The method then selects parameters with a greater probability of being underl(parameters)
than g(parameters), given that l(parameters) is built from trials with more favourable
objective values. This informed reasoning is used to select the next set of hyperparam-
eters while updating the two distributions, allowing the method to �nd an optimal set
of parameters while not exhaustively searching the entire parameter space. The TPE is
implemented via the hyperopt package [5].

Given the parameter space in Table 2.2, the key di�erence from the brute force method
is that the numerical parameters (frame size, step size, low and high thresholds) are now
placed on a continuous distribution. The uniform distribution for the frame size and step
size ensure each value has an even chance of being selected. The normal distribution
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parameters for the low and high thresholds are chosen based on a few tests that may
indicate where good thresholds may lie, given that the high threshold must be larger than
the low threshold. Table 2.2 outlines the parameter spaces searched for both methods.

2.4.3 Objective Functions

In order to properly de�ne this optimization task, key variables are �rst de�ned.

� = [1 ; 1; 2; 2; 3; 2; 1; 3]

f 1(! ) = 2 �
precision(! ) � recall (! )
precision(! ) + recall (! )

mse(! ) =
1
N

NX

i =1

(ŷi � yi (! ))2

(2.12)

The vector ! represents all input parameters for any single trial. which come from
Table 2.2. The f1-score and mean squared error are then computed for a single trial with
a set of parameters! as per Eq 2.12. The vector� is a set of weights to compute the
weighted average of the metrics generated for the data. We aim to weigh the more complex
scenarios higher than the simpler scenarios, and so trials for when extra non-speech sounds
are included have a weight of 2, and trials with robot motions occurring throughout the
recording have a weight of 3. We believe this weighted average will generate parameters
that are better tuned to more complex auditory scenes, as opposed to a standard weighted
average across the trials, where good performance in simpler scenarios may dominate the
reported metrics.

The objective function used in the optimization approaches varies for each problem.
The performance of the DOA estimate classi�cation must be good, and as a result of

Table 2.2: Parameter Spaces De�ned For Both Methods.U(min, max)= uniform distribu-
tion. N (mean, std) = normal distribution.

Parameter Brute Force TPE
Voice Method SRMR, PO SRMR, PO

Timing Method cross-corr, gcc-phat, gcc-scotcross-corr, gcc-phat, gcc-scot
Frame Size (0.1, 1), step = 0.05 U(0.1, 1)

Step Size (%) (0.1, 1), step= 0.05 U(0.1,1)
Low Threshold (1,10), step = 0.1 N (3,3)
High Threshold (3,14), step = 0.1 N (10,3)
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potential imbalances in the dataset, the f1-score for classi�cation is considered the metric
to optimize. Hence the objective function is formulated for classi�cation as follows, which
computes the f1-score for every j-th trial, and aims to minimize the negative of its weighted
average.

min
!

�

P 8
j =1 (� j � f 1(! ))

P 8
j =1 (� j )

s.t. 0 < � low < � high

(2.13)

For DOA estimation, the mean squared error is considered as the objective to minimize
as the generated estimates and ground truth are continuous variables. The objective for
DOA estimation computes the weighted average mean squared error across every j-th trial.

min
!

P 8
j =1 (� j � mse(! ))

P 8
j =1 (� j )

s.t. 0 < � low < � high

(2.14)

We also explore how to perform both optimizations at once in a joint manner. The
joint optimization aims to minimize the MSE for DOA estimation and maximize F1 for
classi�cation. The objective for this method is formulated accordingly, using the two
metrics as a fraction. Eq (2.15) shows this formulation.

min
!

P 8
j =1 � j � mse(! )

f 1(! )
P 8

j =1 (� j )

s.t. 0 < � low < � high

(2.15)

A modi�cation is added to regularize the frame size
 during the optimization. The-
oretically, this should result in lower frame sizes found with good results on both DOA
and classi�cation tasks, meaning potentially lower latencies when used on the robot for
real-time operation. The value of� is set to 0.5 for this work. This objective function will
be helpful to investigate the e�ect of frame sizes on the �nal results. Eq (2.16) shows this
regularized formulation.

min
!

P 8
j =1 � j � mse ( ! )

f 1( ! )
P 8

j =1 (� j )
+ � j
 j

s.t. 0 < � low < � high

(2.16)
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2.5 Results

We present results for classi�cation, DOA and the joint performance with both parameter
search methods. Qualitative evaluation was also conducted on the chosen parameters, and
other considerations not included in this optimization are discussed.

Initial quantitative results are presented via contours for visualization. Since there are
a total of 6 dimensions to this problem, not all trends can be visualized. These results are
further explored below in table form as well.

2.5.1 Brute Force Method

DOA Accuracy

The brute force method results are shown in Fig 2.7 comparing the frame size and step
size to the weighted average MSE as a contour plot. The minima, shown as dark regions,
occur primarily with larger frame sizes and larger step sizes. The performance on the DOA
tends to worsen as the frame size or step size are reduced, indicating that the best choice
for this task may require larger audio chunks when used in real-time.
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Figure 2.7: Brute force DOA performance against frame size (s) and step size (%)

A tendency towards a higher step size also indicates that it is less important to capture
overlapping audio information, as the subsequent ITD estimation is still able to generate
good results.

Classi�cation Accuracy

Classi�cation results with power onsets do not exceed an f1-score of 20%, whereas the
SRMR performs far better, giving maximum results 70%. The relationship between the
thresholds and the classi�cation performance is simple to interpret, as the best results are
consistently obtained with a low threshold around 1.5. The high threshold appears to be
less important, and can be set to 7 to get good classi�cation results. Fig 2.8 demonstrates
the relationship of the classi�cation performance to the set thresholds. The best results are
generated using the SRMR as the classi�cation method, with a clear maxima around the
speci�ed low threshold of around 1.5 and a high of around 7. Parameters that generated no
results, as they detected no windows of speech, show up as white regions in the contours.
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Figure 2.8: Brute Force classi�cation performance against low and high thresholds

2.5.2 TPE Performance

The TPE method is evaluated on all objective tasks next. The TPE method is run for 1000
iterations and completes within a few minutes for each case, highlighting the computational
e�ciency of this technique while still searching the parameter space in an informed manner.

DOA Accuracy

The results on the DOA task are shown in Fig 2.9 as a contour plot.
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Figure 2.9: TPE DOA performance against frame size (s) and step size (%)

Naturally, TPE performs far fewer iterations and thus outputs fewer data points to
visualize. The best results are consistently found using the GCC-PHAT as a timing di�er-
ence method, and a mixture of the SRMR and power onsets as classi�cation methods. The
contour plot shows lower MSE values for larger frame sizes and step sizes, similar to the
brute force results. Certain frame sizes and step sizes are never sampled by the estimator
since they do not indicate a high probability of generating a good score, leaving white areas
on the contour.

Classi�cation Accuracy

We run the Bayesian optimizer for 1000 trials to optimize the task of detecting the presence
of speech. The results are shown against the frame size and step size.
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Figure 2.10: TPE classi�cation performance visualized against frame size (s) and step size
(%)

A number of maxima in the contour plot are seen with an f1-score around 70%, which
are generated using the SRMR as the main method for classi�cation. The optimizer is
unable to �nd good classi�cation results for the power onsets, as the maximum f1-score is
around 20%. This is unsurprising, as this metric will only select a good frame if its power
exceeds the previous frame's power by a certain factor. For periods of continued speech,
the subsequent frame-to-frame power ratio will not be very high, and so a large amount of
audio frames containing speech will be rejected.

The relationship of the frame size and step size to the classi�cation performance is more
di�cult to establish, as compared to the thresholds in Fig 2.8.

Joint Optimization Results

The individual tasks generate di�erent results for the best set of parameters! best. In order
to accomplish both tasks e�ectively, the joint objective function will need to be optimized.
The joint objective function is run through the same TPE optimization pipeline for 5000
iterations.
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Figure 2.11: Joint Objective Loss vs. Step Size and Frame Size

The best loss values are generated for frame sizes around 400 and 550 ms while op-
timizing for both the DOA and classi�cation performance. Results are consistently best
using the SRMR and GCC-PHAT. The GCC-SCOT appears sparsely in the full results,
indicating that the optimizer does not �nd this technique to be as e�ective as the GCC-
PHAT, and so does not tend to apply it during the learning process. These results tend
to agree with what is seen in Fig 2.7 and Fig 2.9, as the minima occur with large step
sizes. However, the joint optimization prefers some smaller frame sizes, indicating that
optimizing for the classi�cation as well changes the results of the pipeline.

In the context of real-time performance on a robot, larger frame sizes will require more
time to generate a response for reorientation by the robot. In order to provide a realistic
human-robot interaction, the system should be able to detect and respond within 200-
300 ms. Therefore, it is desirable to achieve good classi�cation and DOA performance
with lower frame sizes. The optimization is performed again via the TPE method with the
regularized objective function, and generates the results as in Fig 2.12.
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Figure 2.12: Joint Regularized Objective Loss vs. Step Size and Frame Size

As per the contours, more minima are concentrated around the 300-400 ms range for
frame sizes. The previously chosen frame sizes above 400 ms are now no longer producing
minimal objective values.

Further results in Fig 2.13 show how the average objective values change with regards
to the frame size, for the regularized joint objective. With no regularization in the learning
process, the larger frame sizes at 500, 700 or 800 ms tend to have lower objective values,
which corresponds to previous results. With regularization added, lower frame sizes are
favoured, leading to a lowest average objective value at a size of 350 ms.
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Figure 2.13: Frame Size vs. Average Joint Regularized Objective Loss

The results for all the optimization tasks with either method are shown in Table 2.3.
The frame size and step size are reported as they are more crucial to the operation of the
robot in real-time. The previous classi�cation results indicate that a good selection for the
low and high thresholds is 1.5 and 7, respectively. Overall, the choice of these thresholds
is less consequential as their value will not a�ect the latency of the robot when used in
real-time.

Table 2.3 also shows the MSE and F1-score results when di�erent metrics are minimized.
For instance, when looking for the best joint objective value, the TPE method yields an
MSE of 0.07 and an F1-score of 0.66. In contrast, when looking for the best classi�cation
performance, the F1-score is 0.77, with a much higher MSE of 0.15.

It is important to note that the brute force method is limited in its search as it can
only evaluate discrete numerical parameters, whereas the TPE method can choose values
from continuous distributions. This will have an e�ect on how the TPE method learns.
For the sake of interpretation and evaluation, the best frame size of 339 ms was adjusted
to 340 ms, and the step size was adjusted to 0.90 rather than 0.92.

Finally, these best parameters from each method are applied to the test set and generate
results as in Table 2.4.

An example of the test set results are shown in Fig 2.14, 2.15 and 2.16 for the 3
recordings.
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Table 2.3: Best Parameters And Results For Each Task Across Optimization Methods
Task DOA Classi�cation JOINT JOINT + REG

Brute Force
Voice Method PO SRMR SRMR SRMR

Timing Method GCC-PHAT N/A GCC-PHAT GCC-PHAT
Frame Size 600 250 550 400
Step Size 0.85 0.10 0.75 0.15

MSE 0.04 0.69 0.09 0.09
F1-Score 0.11 0.68 0.61 0.68

TPE Optimizer
Voice Method PO SRMR SRMR SRMR

Timing Method GCC-PHAT N/A GCC-PHAT GCC-PHAT
Frame Size 790 380 572 339
Step Size 0.94 0.35 0.93 0.92

MSE 0.04 0.15 0.07 0.06
F1-Score 0.14 0.77 0.66 0.72

Figure 2.14: Test 09 DOA results. Green = annotated periods of speech. Blue dots =
measured DOA. using! best. Dotted line = ground truth.
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Table 2.4: Test Set Performance
Test MSE Brute Force MSE TPE F1-Score Brute ForceF1-Score TPE

Test 9 0.231 0.122 0.844 0.835
Test 10 0.040 0.009 0.855 0.754
Test 11 0.139 0.036 0.841 0.825

Figure 2.15: Test 10 DOA results. Green = annotated periods of speech. Blue dots =
measured DOA using! best. Dotted line = ground truth.
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Figure 2.16: Test 11 DOA results. Green = annotated periods of speech. Blue dots =
measured DOA using! best. Dotted line = ground truth.

Given the presented results, and the quantitative results shown in Table 2.3, the best
parameters for! best are found as in Table 2.5.

Table 2.5: Best Overall Parameters! best
Classi�cation Method ITD Method Frame Size Step Size Low Threshold High Threshold

SRMR GCC-PHAT 340 0.90 1.5 7

2.6 Use on real robot

We deploy this system onto the REEM-C Humanoid for use in real-time using a full
ROS integration. Audio frames are saved to a bu�er and processed with the parameters
generated from! best, allowing for real-time estimation of DOA. Fig 2.17 shows the REEM-
C's head with microphones installed.
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Figure 2.17: Microphone Setup on REEM-C

We also study the e�ects of latency on the performance of the real-time tracking and
estimation. Experiments are carried out with frame sizes of 350ms, 450ms and 600ms, with
all other parameters kept constant. The measured DOA are recorded, as well as the audio
power level measured by a separate USB microphone, along with the timestamps for both
metrics as measured by the ROS network. This allows for identifying how long it takes for
a DOA to be measured once the onset of speech has been detected. Fig 2.18 shows the
average latency measured with the 3 frame sizes.
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Figure 2.18: Latencies at di�erent frame sizes

The latency is measured to have an average of 0.363s with a standard deviation of
0.076s for the 350ms frame size, an average of 0.508s with a standard deviation of 0.103s
for the 450ms frame size, and an average of 0.708s and a standard deviation of 0.169s for
the 600ms frame size. For 10 separate DOA measurements at 350ms and 600ms, a two-
tailed t-test for their latencies yields a p-value of 0.0019. With� set to 0.05, this indicates
that the choice of frame size is indeed signi�cant for real-time use, further validating the
regularization applied in the optimization and the choice of lower frame sizes for! best.

2.7 Discussion

The generated results across all methods have noticeable similarities and di�erences. For
the DOA task, as per Figure 2.7 and Figure 2.9, the brute force and the Bayesian methods
mostly lead to frame sizes that are 500 ms or larger, and step sizes larger than 75%. The
GCC-PHAT succeeds most often as a method to estimate timing di�erence compared to
the standard beamformer and the GCC-SCOT. The best frame selection method happens
to be the power onset. This is unsurprising as power onsets will should be dominated
by energy from the direct path (i.e., have a high direct to reverberant energy ratio) and
so will likely produce accurate DOA estimates when the power onset condition is met.
However, this comes with the trade o� of rejecting many other frames containing speech
as the subsequent frame-to-frame power ratio during periods of continuous speech can be
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similar. This potentially ignores many frames where the ratio direct to reverberant energy
may still be high.

This is more evident when optimizing for the classi�cation task. Both optimization
methods point towards using the SRMR as the main method to detect periods of speech,
with classi�cation based on power onsets consistently producing poor results (no more
than 0.2 F1-score). In a perfect scenario, the pipeline can identify all present windows
containing speech, and would yield an F1-score of 1 for classi�cation. As a result, it would
be necessary for the pipeline to correctly detect as many windows of speech as possible.
In general, an F1-score above 0.7 would be considered su�cient, as it indicates a strong
ability to both detect speech when it is present, and not identify speech when it is not
present.

Since both tasks produce di�erent results, the joint objective results should be investi-
gated to identify parameters that perform well for both the classi�cation and DOA tasks.
The joint objective task for both methods favours the SRMR and GCC-PHAT for process-
ing the audio frames. In addition, the brute force method resultsin a frame size of 550ms,
whereas the TPE method �nds the best results to occur with a frame size of 572ms. These
results are in close agreement, but require a long latency when implemented on a robot {
orienting behaviour on the robot will lag any movement of a talker by half a second.

Studies in turn-taking dynamics and conversational behaviour indicate that humans
take on average 200-300 ms to respond to their partners [14], suggesting that lower frame
sizes will be more required for more natural for HRI behaviour. The joint regularized task
produces the best results with lower frame sizes, as is depicted by where the minima lie
on the contour plot in Fig 2.11 and Fig 2.12. The best results for the study are then
taken from the joint regularized task using the TPE method. It is important to note that
regardless of how the optimization is performed, good results are rarely found for both
tasks with frame sizes less than 300 ms, as shown by where the minima lie in Fig 2.12.
We suspect that this is due to the calculations involved in computing the SRMR. For the
SRMR, the process involves studying the modulation of the speech signal via its envelope,
and extracting the energies present in certain bands of this envelope. The lowest frequency
band for this metric was centred at 4Hz. Thus, one period of this modulation corresponds
with 250 ms. Frame sizes shorter than this length may result in inaccurate estimation of
the 4 Hz component of the modulation energy. Thus, the use of SRMR as it is was de�ned
here may impose a minimum latency that is too long to achieve human-like behaviour.
While increasing the minimum modulation frequency used in the SRMR would reduce
the minimum latency, further work is need to determine the e�ect this would have on
classi�cation performance. If other classi�cation methods are explored, minimum latencies
should be less than 200 ms.
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Table 2.3 gives further insight to the numerical performance of these methods. The
values indicate di�erences in performance when searching for di�erent objective value min-
ima. Numbers in bold indicate the notable di�erences in performance when optimizing for
either loss value. For instance, using the brute force method, searching for the minimal
regularized objective provides the same MSE of 0.09 as found with the unregularized objec-
tive, but gives a F1-score improvement to 0.68 from 0.61. Similarly, the TPE method sees
both a decrease in MSE from 0.07 to 0.06, and an increase in F1-score from 0.66 to 0.72
when minimizing the regularized objective as opposed to the unregularized objective. This
is supporting evidence that the joint objective function was appropriate for this problem
as both classi�cation and DOA tasks are performed to an acceptable level with the best
parameters! best.

Furthermore, the regularized objective also provides smaller frame sizes along with the
performance gain. This is evidence that a regularized objective was helpful for the TPE in
its learning process. However, since the method only evaluates a subset of the parameter
space, this may come down to the randomness in its choice of parameters, explaining why
the unregularized version did not �nd similar parameters.

The results on the test set show that these parameters are reasonable and have not
over�t on the training set, as the performance on both tasks are good for all 3 test set
recordings. We also see that the TPE method generates much better MSE compared to
the brute force method, but slightly worse F1-score, as per Table 2.4. We suspect that
the lower step size from the brute force method provide a greater resolution for identifying
speech on the microphone signals, leading to slightly better classi�cation performance on
test data.

Test 9 sees a higher MSE than the other two tests; we hypothesize that this is most
likely due to the subject moving farther and closer to the robot as opposed to maintaining
a similar distance as in test 10 and 11. This may simulate more realistic human-robot
interaction scenarios, and could require some improvements to re
ect better results.

With a functioning sound source localization pipeline in real-time, the potential for HRI
can be expanded. For instance, if moving conversational partners can be detected by the
robot, HRI can be augmented by implementing a human-like, realistic tracking behaviour.
Motion capture analysis and modeling of the head, shoulders and feet such as in [2] can be
applied for this purpose.
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2.8 Conclusions

This work presented a pipeline to perform binaural direction of arrival estimation on a
humanoid robot. Optimization procedures were used to improve the performance on a
number of trials in the acoustic environment of the robot, and are able to �nd consistent
results regarding the best classi�cation and ITD methods, including the relevant numerical
parameters. Test set results indicate that the chosen parameters are appropriate for a
variety of acoustic scenarios. A method to use this pipeline on the real REEM-C is also
presented, with considerations for real-time latency and performance.
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Chapter 3

Vision Systems For Human Robot
Interaction

3.1 Introduction

Human-robot interaction systems often involve using either audio, video, or both to fa-
cilitate tasks such as working in assembly workspaces [1] or communicating with human
subjects [32]. To engage in conversations that are perceived as being natural, there is a
need to employ a combination of these systems. A robust set of imaging algorithms are
therefore required to allow for this functionality.

Voice activity detection is easily accomplished when audio information of present inter-
locutors is available. The applications of visual voice activity detection involve scenarios
when audio is not available due to privacy or hardware restrictions, or may be unreliable
due to a noisy or adverse acoustical environment. Additionally, gaze estimation is im-
portant to identify conversational cues and to estimate where interlocutors are directing
their attention. Alongside a method to estimate the angle of the interlocutor relative to
the robot, a framework to allow for a more complete human-robot interaction can be de-
veloped. These problems are often approached with computationally heavy deep learning
models trained on extensive datasets [13, 41], and therefore require a lightweight, classical
computer vision alternative. 1

1The content of this chapter is from the following conference paper: Barot, P., MacDonald,
E., Mombaur, K. (2023). Vision Systems For Identifying Interlocutor Behaviour And Augment-
ing Human-Robot Interaction. Journal of Computational Vision and Imaging Systems, 8(1), 55{58.
https://doi.org/10.15353/jcvis.v8i1.5377
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Figure 3.1: REEM-C Humanoid Robot, with RGB-D camera shown on forehead

All systems are designed for the REEM-C Humanoid Robot, which utilizes a RealSense
RGB-D camera. Due to bandwidth limitations on the ROS network, these systems are
designed for a feed of 15 fps at a resolution of 640 x 480. An image of the REEM-C is
shown in Figure 3.1.

Experimental data is collected by recording audio and video simultaneously of human
conversations from the REEM-C. Audio is recorded in two channels, at a standard rate
of 44.1 kHz, and video frames are recorded directly from the REEM-C camera. The
environment in which the data is collected is the research lab where the REEM-C resides,
which features variable overhead lighting helping to simulate di�erent scenarios the robot
may encounter. No other sounds, other than those from the robot's natural operations,
were present during the recordings to maximize the reliability of the recorded data.

3.2 Visual Voice Activity Detection

Conversational scenarios with a humanoid robot will require identifying when humans are
speaking and when they are silent. Visually, this can be done by identifying features that
correlate to speech. To understand which features are most correlated with speech, audio
data is broken into frames of 1/15th of a second, to match the data extracted from video.
Features are directly extracted from frames using facial landmarks from the DLIB detector,
which is commonly used in the literature [18]. These landmarks allow for measurement
of important characteristics from detected faces, such as those of the mouth or eye areas.
Figure 3.2 shows detected facial landmarks on a subject, and the extracted mouth and eye
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Figure 3.2: Detected facial landmarks shown in red (left), and mouth and eye regions
shown as binary masks (right)

regions as binary masks.

Features that may be related to speech are extracted on each frame, which include but
are not limited to, mouth height, mouth area, Sobel �lter gradients, and HSL information
from the mouth areas. A common method to process features includes using a sliding
window approach, which moves frame-by-frame, spanning the sequence of collected data.
To mimic concepts used in audio signal processing, metrics such as the mean and the
power of the window [30] are used to identify behaviour that is of interest. For instance,
we suppose that as a person speaks, the area of their mouth will be larger than when they
do not speak, which will be re
ected in the mouth area signal. The average of the sliding
windows is taken for video data, time aligned with audio data, and compared to the audio
frame power. For a given window of data, the mean and the power of the window are
computed as in Equation 3.1 and Equation 3.2. A window size of N=5 frames is chosen
for this experiment.

Mean(x) = (1 =N)
NX

n=1

x[n] (3.1)

Power(x) =
NX

n=1

x2[n] (3.2)

40



Figure 3.3: Sliding window feature means in correlation matrix with audio frame power

A correlation matrix was generated to better understand which visual features corre-
late with two channel audio power. As described previously, some of the extracted features
include the height and area of the mouth, colouration changes in the mouth and Sobel gra-
dient magnitude and orientation features. These features are normalized by the subject's
mouth size, to accommodate for di�erent facial features between subjects. An example
correlation matrix is shown in Figure 3.3.

Noticeably, certain features have some correlation with audio power, and may be used
in tandem to identify periods of voice activity. Lightness pixels indicates the number of
pixels in the mouth region below the average lightness of the mouth area detected in the
�rst frame. This feature's extraction is shown in Equation 3.3, on every frame.

Figure 3.4 and Figure 3.5 show window averages for lightness pixels of the mouth region,
and the area of the mouth, respectively. Green windows indicate periods of voice activity.
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Figure 3.4: Sliding window average of lightness pixels feature. Green = voice activity,
White = no voice activity

lightness pixels =
P L

l=1 Pl < T
mouth area

Pl = l-th pixel of mouth area, in the lightness channel

T = (1 =L) (sum of all pixel lightness in mouth of �rst frame)
(3.3)

The threshold,T, is updated every 10 seconds to account for possible changes in lighting
or positioning of the subject. It can be seen that the lightness feature corresponds well
with windows of voice activity. A similar pattern is seen when looking at the power of the
mouth height measurements. We attribute the 
uctuation of values within the periods of
voice activity to the variability in the movement of the articulators required to pronounce
di�erent phonemes.

To capture the observed change in these features between the intervals with versus
without voice activity, a measure is used in Equation 3.4 that is based on modeling the
data windows as Gaussian distributions [42]. After computing the mean and power of
each frame, voice activity is classi�ed as per the following conditions from [42].Q is the
probability of a Gaussian random variable given the window mean and standard deviation,
and PFA (probability of false alarm) is set to 1%.
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Figure 3.5: Sliding window power of mouth heights feature. Green = voice activity, White
= no voice activity

Mean(x) > � 1 and Power(x) > � 2

� 1 =

r
� 2

N
Q� 1(PFA)

� 2 = � 2Q� 1(PFA)
(3.4)

This algorithm was applied to a test video with two subjects conversing and generated
results with the lightness pixels feature as shown in Figure 3.6.

The estimates are dense in periods of speech, indicating the algorithm is able to isolate
distinct periods of voice activity for both speakers. However, there are a large number of
false positives and some false negatives. The use of other features may be key in reducing
the rate of false positives and more accurately identifying the intervals of voice activity
when a talker speaks.

This algorithm is also functional online, and accommodates for new subjects entering or
leaving the �eld of view of the robot. Quantitative results are presented for this algorithm
in Table 1.

Overall, the quantitative tests of the algorithm produced good results, indicating the al-
gorithm can identify periods of speech among one or more subjects that are simultaneously
present in the robot's �eld of view.
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Figure 3.6: Voice activity detection estimates, in blue, visualized against annotated win-
dows of speech for speaker 1 and speaker 2 in conversation. Green = voice activity, White
= no voice activity

3.3 Gaze Estimation

Gaze is estimated using binary masks on each half of the eye, for both eyes. For the left eye
for instance, a binary mask for all pixels enclosed by points (36,37,41) and (38,39,40) are
extracted. The amount of sclera present in either half of the eye indicates where the iris
may be placed [47], thereby estimating the direction of the subject's gaze. This amount
of whiteness in the eye can be measured via the average lightness in the eye halves in the
HSL space. The ratio of lightness in the left half of the eye to the lightness in the whole
eye is computed, for both eyes. The same is done for the right half of the eyes, and then
the two are subtracted to generate a di�erence in lightness for both halves of the eyes (see
Equations 3.5, 3.6, 3.7, 3.8 and 3.9).

Leye; Lhalf =
avg. lightness in left half of left eye

avg. lightness in left eye
(3.5)

Reye; Lhalf =
avg. lightness in left half of right eye

avg. lightness in right eye
(3.6)
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Table 3.1: Visual Voice Activity Detection Results
Test Subject Accuracy Precision Recall F1-

Score
1 1 78.5 85.9 81.6 83.7
2 1 86.7 76.1 84.9 80.2
2 2 75.1 75.9 66.9 71.1
3 1 90.7 91.9 91.9 91.9
3 2 84.9 70.9 83.1 76.5

Leye; Rhalf =
avg. lightness in right half of left eye

avg. lightness in left eye
(3.7)

Reye; Rhalf =
avg. lightness in right half of right eye

avg. lightness in right eye
(3.8)

gaze ratio =(Leye; Lhalf ) + (R eye; Lhalf )

� (Leye; Rhalf ) � (Reye; Rhalf )
(3.9)

This gaze ratio is extracted on every frame, and checked against determined thresholds
to identify if the person is looking to their right, left, or forward. Figure 3.7 shows the gaze
ratio for a test video, with annotated windows for where the subject's gaze was directed.

From the test data, hard thresholds are imposed to determine the subject's gaze, as
shown in Equation 3.10.

gaze direction =

8
><

>:

left if gaze ratio > 0:5

right if gaze ratio < � 0:5

forward else

(3.10)

3.4 Interlocutor Angle Identi�cation

Allowing for realistic conversations also involves identifying where exactly the speakers
are, in terms of angular displacement relative to the robot. This can be done by using the
RGB-D camera's depth information, combined with the location of the subject's face in
the 2D image, to triangulate their position. The location of the subject's face is taken as
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Figure 3.7: Gaze ratio plotted against annotated windows of gaze. Red = gaze to the left,
blue = gaze to the right, and green = gaze directed forward

the average of the coordinates of the landmarks that outline the face. This is demonstrated
in Figure 3.8.

This vision system opens up the possibility of orienting the robot towards the person
who is detected to be talking, in a way that replicates natural human behaviour. For
demonstration and analysis, the robot-relative estimated interlocutor angle is converted to
to an absolute coordinate system (i.e., room-relative) based on re-orientations of the robot
head, torso, and feet.
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Figure 3.8: Identi�cation of interlocutor angle using depth information

3.5 Discussion

All three visual processing systems, voice-activity detection, interlocutor gaze direction es-
timation, interlocutor angle identi�cation, must work together to facilitate a more complete
human robot interaction scenario. Each human that is present in the scene is character-
ized on every frame by their voice activity status, their gaze, and their angle relative to
the robot. This information is transmitted through the ROS network, which allows for a
framework to be developed for interacting with one or more subjects. Future work may
explore how these visual systems can be utilized in tandem to create this framework.

This framework provides real-time estimates of cues that are necessary for achieving
more natural movements and orienting behaviour during human-robot conversational in-
teractions [36, 25, 7], including gaze following, implementing conversational cues and more.
While the methods presented here involve only visual processing, the addition of audio-
based processing is likely needed to achieve human-robot interactions that are more robust.
For example, algorithms for sound source localization [30] can be used to correct for sce-
narios where faces are undetected, masked, or outside the �eld of view for the purposes
of voice activity detection. Direction of arrival estimates using audio can also be used to
correct for errors in visual voice activity detection, by increasing con�dence in estimates
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of who is speaking, or verifying false positives. Obviously, audio processing is needed to
perform speech recognition, which is also required for a robot to hold a conversation.

3.6 Conclusion

In conclusion, this work explored the potential in developing vision based systems for
identifying the behaviour of interlocutors with the REEM-C. Three unique imaging systems
are proposed to augment human-robot interactions by providing the robotic system greater
understanding of its interlocutor's activity. Given the good accuracy on these algorithms,
future work may explore their synthesis, to allow for the REEM-C to intelligently interact
with multiple humans simultaneously.
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Chapter 4

Natural head and body orientation
for humanoid robots during
conversations with moving human
partners through motion capture
analysis

4.1 Introduction

By incorporating more human-like behaviour into robots, it should be possible to achieve
human-robot interactions that are perceived as more natural. When holding a conversa-
tion, people do not always remain stationary. As they move, their conversational partners
must also move and reorient themselves to maintain the social norms of holding a con-
versation. While methods to estimate the the angle between a robot's current orientation
and incoming sound sources [30] or people in a visual scene [35], [21] have been developed,
humans do not always orient themselves to directly face a conversational partner. In this
study, we use motion capture to characterize how humans reoriented themselves during
conversation with an interlocutor that moved from time to time. 1

1The content of this chapter is from the following conference paper: Pranav Barot, Ewen MacDonald,
Katja Mombaur, Natural Head And Body Orientation For Humanoid Robots During Conversations With
Moving Human Partners Through Motion Capture Analysis, In Conference on Advanced Robotics and its
Social Impact (ARSO), Berlin, Germany, 2023
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Motion capture data helps address such an issue. For instance in a motion retargeting
work such as [17], positions and orientations of the head, hands and feet were tracked to
retarget the motions of an original character to a computer animation in an online fashion.
For works speci�c to humanoid robotics, [10], [44] measure and model a variety of human
motions, and demonstrate them on state-of-the-art humanoid robots. With regards to
coordination of body parts, [43] provides analysis of the contributions of head and torso
while studying participants' gaze shifts. Works relating to gestures and movement based
communication [26], [37] try to improve the human-like quality of robotic motions during
human-robot interaction. Dynamic motions of body parts are of signi�cant interest in [15],
where head and body orientations are modeled during locomotion. The body and the head
are also studied in [16], speci�cally in scenarios of walking and turning. Human motions
are also imitated on humanoid robots using motion capture data [4].

In this work we present a motion capture study for the speci�c task of tracking moving
conversational partners, as an extension to [15]. Human models are reduced to 3 unique
segments, the head, the shoulders and the feet, and mathematical models are developed to
replicate the manner in which these 3 segments behave during the trials. Validations are
performed on developed models and sources of error are discussed as well.

4.1.1 Contributions

The contributions for this study are as follows.

ˆ A motion capture study centered around tracking moving conversational partners

ˆ Mathematical models and parameter estimations using captured data for interlocutor
tracking

ˆ Validation of models and humanoid robot implementation

This work aims to add to the existing scienti�c literature on non-verbal behaviours by
also studying the dynamics of a moving conversational partner in the context of human-
robot interaction. Section 4.2 explains the design and protocols of the motion capture
study. Section 4.3 discusses model design and mathematical approximations. Section 4.4
demonstrates results and section 5.8 discusses their implications. Section 4.6 shows an
implementation directly onto the REEM-C Robot. Finally, section 5.9 summarizes the
�ndings of this work and possible improvements and extensions.
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