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While automatic speech recognition has become useful and convenient in daily life as well
as an important enabler for other modern technologies, speech recognition accuracy is far
from sufficient to guarantee a stable performance. It can be severely degraded when speech
is subjected to additive noises. Though speech may encounter various types of noises, the
work described in this dissertation concerns one of the most difficult problems in robust
speech recognition: corruption by an interfering speech signal with only a single channel of
information. This problem is especially difficult because the acoustical characteristics of the
desired speech signal are easily confused with those of the interfering masking signal, and
because useful information pertaining to the location of the sound sources is not available
with only a single channel.

The goal of this dissertation is to recover the target component of speech mixed with
interfering speech, and to improve the recognition accuracy that is obtained using the
recovered speech signal. While we will accomplish this by combining several types of
temporal features, the major novel approach will be to exploit instantaneous frequency
to reveal the underlying harmonic structures of a complex auditory scene. The proposed
algorithm extracts instantaneous frequency from each narrow-band frequency channel using
short-time Fourier analysis. Pair- wise cross-channel correlations based on instantaneous
frequency are obtained for each time frame, and clusters of frequency components that

are believed to belong to a common source are initially identified on the basis of their



mutual cross-correlation. In the dissertation, several methods are discussed in order to
obtain better estimates of instantaneous frequency. Conventional and graph-cut algorithms
are demonstrated to collect efficiently the pattern used to identify the underlying harmonic
structures. As a complementary means to boost the final performance, a computationally
efficient test for voicing is proposed. Speaker identification and pitch detection are also
presented to refine further the final performance.

An estimate of the target signal is ultimately obtained by reconstruction using inverse
short-time Fourier analysis based on selected components of the combined signals. The
recognition accuracy obtained in situations of speech-on-speech masking is assessed and
compared to the corresponding performance of speech recognition systems using previous

approaches.
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CHAPTER 1
INTRODUCTION

1.1 Motivation

Speech recognition has been the object of extensive research for many decades. While
recognition accuracy in clean environments improved substantially after Hidden Markov
Models (HMMs) were introduced [36], recognition in noisy environments still suffers due
to many reasons such as the mismatch between clean training and noisy testing conditions.
Among many different types of interference (including but not limited to white noise, colored
noise, background music, and speech babble), competing speech has been considered to be
among the most challenging type of interference. The high correlation of temporal structures
between the speech from target and masking speakers is one major reason for poor recognition
accuracy.

Nevertheless, in daily communication among humans, competing speech is among one
of the most commonly-encountered noises. For example, speech by news anchors is sometimes
overshadowed by background speakers and multiple speakers talk simultaneously in teleconferences.
In both examples mentioned above, the target speech is more or less corrupted by interfering
speech. While machines still do a very poor job of recognizing combined speech correctly,
human beings are impressive in their ability to either extract the target speech, suppress
interfering speech sources or both to achieve reasonably good recognition accuracy in communicating
with each other. While the detailed mechanism of exactly how humans separate signals is still
not truly clear, one popular computational model, auditory scene analysis (ASA) proposed
by Bregman in the early 1990s [9, 50] suggests that the one-dimensional speech signal is
projected onto a two-dimensional time-frequency space for further processing. After this
projection, some capabilities that humans use in image detection (e.g. edge detection) can
also be used to separate speech sources from one another. The computational implementation
of this theory is called computational auditory scene analysis (CASA). The major processing

in CASA can be divided into two main steps, segmenting and regrouping. The goal of



segmenting is that of placing similar units into different regions of the higher dimensional
space, and regrouping concerns the reorganization of those regions according to the sources
that they are assumed to represent. Detailed discussions about CASA will be presented in
the following chapters.
1.1.1 Speech Separation Systems

Researchers have developed various types of systems to address the problem of minimizing
the negative effects from competing speech, which can be characterized in a number of
different ways. For example, systems with inputs from multiple microphones have the
advantage of being able to take advantage of exploiting spatial information such as interaural
time difference (ITD) and interaural intensity difference (IID). Nevertheless, multiple microphones
are not always available, so there will always be a role for single-channel systems, which
have only the intrinsic information carried by speech itself, in the absence of spatial cues.
Systems can be also characterized as being knowledge-based versus statistically-based. This
is actually a continuum that depends on the extent to which the structure of the system is
developed manually through background knowledge about speech versus statistical learning
from a large database. Knowledge-based systems have the advantage of requiring fewer
constraints and in principle are more easily adapted to unknown speakers. However, due to
the lack of precise fundamental knowledge of how human perceptual processing really works,
imperfect modeling makes this type of system tend not to be able to achieve the same level of
word error rate (WER) that statistically-based systems enjoy. In contrast, statistically-based
systems frequently require significant computational resources as well as a pool of speakers
for training and testing. In many cases, the WER from speech recognition systems becomes
worse due to changes in the testing environment. Speech separation systems can also be
characterized as being directed toward speech enhancement (which refers to improving the
quality of speech for human listeners) versus recognition-based systems, which are designed

to improve automatic speech recognition accuracy.



In the context of the above discussion of various types of systems, the system developed
in this dissertation can be classified as a single-channel, knowledge-based system that will
be evaluated in terms of the WER obtained from speech recognition experiments based on
the outputs of the system.

1.1.2 Why is Single-Channel Speech Recognition Important?

In the real world, speech activity is collected by a single microphone or by multiple
microphones and sent to computers for further processing. During the collection procedure,
if conditions permit, multiple microphones are naturally preferred. In this case, spatial
information can be preserved and used as additional cues to separate combined speech.
However, in cocktail-party environments with multiple sound sources, if the target speaker
is not predetermined, microphone arrays may not be used to good advantage. Even worse, an
environment that facilitates multiple microphones is not always available. In many scenarios
using one microphone is the only choice.

One good example of single-channel speech processing is automatic speech recognition
of radio broadcasts. In this case, speech activity is transmitted and collected from radio
channels, and there is no spatial information available. In many speech segments, the news
anchor’s voice is corrupted by background speakers. Directly sending this simultaneous
speech into a speech recognizer results in poor accuracy. Another example is speech recognition
in teleconferences. The presence of more than one interfering speaker presents a very difficult
task for any state-of-the-art recognizer.

The examples above are frequently the first step of some very complex systems. Usually,
these systems apply further processing to the output of the recognition system, such as news
summarization, categorization, question answering, dialogue systems and text-to-speech
systems. All these applications require a good single-channel speech system to achieve
reasonably good speech recognition accuracy, as poor speech recognition accuracy may
lead to a serious accumulation of errors. For these reasons solutions to the problem of

single-channel speech recognition in interfering noise are very important.



1.1.3 Why is Single-Channel Speech Recognition Challenging?

It is widely believed that single-channel speech separation (SCSS) is a very challenging
task. Unlike multi-channel speech separation (MCSS), spatial information can not be utilized.
Only those intrinsic acoustic features, such as pitch, harmonic structure, local time or
frequency proximity can be exploited to separate speech.

Due to highly correlated temporal structures, it is very difficult to extract many good
inherent acoustic features accurately from combined speech. Pitch information has been
widely considered to be a good way to extract harmonic structure. But it is very difficult to
estimate accurately pitch contours from target speech while interfering speech is present.
Since competing speech contains many similar human speech characteristics, unlike the
case of other noise types such as white/colored noise or mechanical noise, the usage of
time /frequency proximity, amplitude modulation and other features provides only limited
improvement.

The major goal of this dissertation is to address the speech-on-speech problem by developing
a system that separates speech sources based on instantaneous frequencies within a CASA
framework, when only one microphone is available.

1.2 Overview of the Speech Separation System base on Instantaneous
Frequency

In this dissertation an instantaneous frequency-based single-channel speech separation
system will be discussed in detail. A brief description is given here to provide an overview
of the end-to-end system.

Target speech is corrupted by interfering speech at various global SNRs ranging from 0
dB to 15 dB. After the combined speech is generated, the simultaneously-presented speech
is decomposed into a time-frequency representation using the short-time Fourier transform
(STFT). Within each frequency channel, continuous phase information is obtained through
a transformation from the discrete representation (details may be found in Chapter 3). A

first derivative of the estimated phase is obtained, which produces the main feature used



in the dissertation, instantaneous frequency. Once instantaneous frequency is obtained,
pair-wise cross-channel correlation and mean square difference are both calculated as a way
to identify those frequency channels that are believed to be dominated by the same source.
A voiced /unvoiced segment detection is applied to identify the rough boundaries between
voiced and unvoiced segments. While instantaneous frequency-based features are applied in
voiced segments, amplitude-based features are used in unvoiced segments to group frequency
components from the same source. Speaker identification is applied to each processed time
frame to group the separated clusters according to speaker, so that after processing is
complete ideally only frequency channels dominated by the target speaker are extracted,
while other frequency channels believed to be from the interfering speaker are suppressed.
Finally, the reconstructed speech is sent to a speech recognizer for the final recognition task.
1.3 Dissertation Outline

This section gives a brief review of the organization of this dissertation.

In Chapter 2, some relevant previous research results in single-channel speech separation
area are briefly discussed. Because we exploit the fact that speech components from the same
source tends to vary together in terms of amplitude modulation, instantaneous amplitude
and modulation spectrogram-based methods are discussed first. Another natural way to
think about the source separation problem is that of trying to detect pitch contours from
each individual source. Multi-pitch tracking algorithms are introduced subsequently.

Chapter 3 first discusses a few ways to calculate instantaneous frequency, which is the
most important feature used in this dissertation to group speech components from the same
source. We discuss the calculation of instantaneous frequency in the context of some real
examples based on multiple sine tones, frequency-modulated complex tones, and real speech.

After calculating instantaneous frequency, the development of methods to identify correlated
frequency channels is the next step. In Chapter 4, cross-correlation-based and mean-square-error-based

methods are discussed with the goal of correlating frequency channels from the same source.



At the end of this chapter, one dimensional projection and graph-cut methods are proposed
as methods to extract the correlation information.

In chapter 5, two regrouping methods, pitch-based regrouping and regrouping based on
speaker identification, are introduced. Some general principles about mask generation are
discussed here as well. Finally, experimental results are presented and discussed.

While instantaneous frequency is a useful feature for voiced segments, unvoiced segments
from the same source become a little less reliable to group same source frequency components
together. In Chapter 6, both voiced /unvoiced segment detection and threshold-based time-frequency
cell suppression are discussed in detail.

Finally, Chapter 7 summarizes our work and its major conclusions. Potential future work

is also discussed.



CHAPTER 2
REVIEW OF ALGORITHMS FOR SINGLE-CHANNEL SPEECH SEPARATION

This chapter will review several speech separation algorithms which can be used for
single-channel speech separation in the CASA framework. A general discussion of CASA and
the motivation of using CASA will be given first. Following the CASA discussion, speech
separation based on instantaneous amplitude and multi-pitch tracking will be discussed in
detail in terms of their ability to separate speech.

2.1 CASA Introduction

Computational Auditory Scene Analysis (CASA) has broad application to source separation.
Generally speaking, CASA is a wide collection of various computational implementations of
auditory scene analysis (ASA). Before a more advanced discussion of CASA is provided,
it is necessary to briefly introduce ASA and its major application. Many scientists believe
that audition shares many similarities with vision [24, 33]. The human auditory system
transforms speech into a neural representation which is then presumed to be processed in a
fashion that is similar to image processing. The entire ASA procedure can be separated
into two stages: segregation and regrouping. In the first stage, speech is decomposed
into a higher-dimensional space (such as a spectro-temporal two-dimensional representation)
where similar units (e.g., time-frequency cells in the previous 2D representation example)
are collected together into different regions. In the second stage, these regions are grouped
together into different streams based on the values of various acoustic cues or other information.
Finally, the target speech or interfering speech or both can be reconstructed for different
purposes. These functions will be discussed below in detail.

In general, CASA uses computational methods to generate a machine perception system
which may have similar functionality to that of humans. We consider primarily either one or
two microphones (the two ears of human audition). In this scenario, Wang and Brown [50]
define CASA as “the field of computational study that aims to achieve human performance

in ASA by using one or two microphone recordings of the acoustic scene.”



Figure 2-1 below shows a simplified diagram of a typical CASA system, where input
speech is first going through a domain transformation function. Most of the time, this
function transforms the one-dimensional speech signal into the very popular two-dimensional
time-frequency representation, either by standard short time Fourier transformation (STFT)
or a Gammatone filter bank. Following the domain transformation, the next procedure is
speech component segregation. In this part, all time-frequency cells are segmented into
different regions. All cells sitting in the same region are believed to be from the same speech
source. Various feature extraction algorithms are proposed in this stage in order to optimize
the segmentation results. The next step in the figure is described as speech component
regrouping. This stage is processed in an utterance-based format to extract all the segments
believed to be from the same speech source while suppressing all others. The most popular
such method is speaker identification. Finally, all extracted time-frequency cells are used to
reconstruct the resynthesized speech.

2.1.1 Motivation for Exploiting CASA

Speech is challenging because of its high dynamic range in both the time and frequency
domains. When competing speech is presented, the combined speech presents an even more
complicated structures that must be recognized or separated. CASA provides a good angle
to look at this problem by projecting one dimensional speech into higher dimensions. In
the following sections, discussion will be limited to the two dimensional time-frequency
representation. Due to energy sparsity, it is frequently the case that corrupted signals in the
time domain may be separable after transformation into a time-frequency representation.
To further clarify the concept of “energy sparsity”, by looking at any spectrogram of a given
speech, it is easy to discover that not every time-frequency cell plays an equally important
role in representing the information carried by the speech. A large percent of cells carrying
very low energy are much less important compared to a few percent of high-energy cells.

The transformation makes the target speech look less ”ambiguous” than it was before. As a
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Figure 2-1. A simplified end-to-end CASA speech separation system, where the most three
important parts are domain transformation, speech-component segregation,
and speech-component regrouping.

result, those time-frequency cells, which are less corrupted by the interfering speech, can be
used as the basis for reconstructing the target speech.

In addition to this useful 2-dimensional projection, the two-stage theory of ASA discussed
in Section 2.1 also provides helpful insights into the source separation problem. Figure 2-2
[50] shows a simple way to demonstrate the theory. In Figure 2-2, the upper panel shows
time-frequency cells/regions could be grouped into one single stream if they are close enough,
while the lower panel illustrates the case of two streams of speech that are grouped separately
if the time-frequency cells/regions are sufficiently far from each other.

A third issue is the CASA system’s ability to handle both bottom-up and top-down
processing. These two approaches are also called primitive and schema-based processing

6, 9, 18, 32, 50]. Primitive processing is usually closely related to feature-based procedures,
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Figure 2-2. In CASA, speech can be first projected into time-frequency cells in a 2-D
representation. Based on how close each time-frequency region is relative to the
others, the regions can be grouped and reconstructed into streams from
different sources. How to classify each region and use various cues to group
them into streams provides great flexibility to reconstruct target speech from
interfering sources.

such as time and frequency proximity, onset/offset detection, smoothness of pitch or formant
trajectory, periodicity, etc. Human beings have the ability of accumulating knowledge
gradually after they are first born. The learning procedure generates many patterns, or
prior knowledge. Those stored patterns help to interpret corrupt patterns in many different
scenarios. In source separation, when certain parts of speech in the 2-D representation
become discontinuous due to the presence of competing speech, human beings tend to use a
priori knowledge to fill the gaps in the representation and recover the speech to its maximum
intelligibility.
2.1.2 Examples of CASA Systems and Applications

CASA systems have been widely used in many different applications. Below is a limited

collection of several examples [50].
e Robust automatic speech and speaker recognition
e Hearing prostheses
e Automatic music transcription

e Audio information retrieval
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e Auditory scene reconstruction

In this dissertation, the discussion of CASA systems will be limited to the application of
monaural speech separation.

Projecting time-domain speech into the time-frequency domain is generally considered
to be the first step towards solving the problem. The short-time Fourier Transform (STFT)
and Gammatone filterbank are both considered to be proper vehicles to implement the
transform. In STFT, the center frequencies of each frequency channel are separated by the
same difference in frequency. For each fixed time frame, the frequency response is the Fourier
transform of that given time frame. While each frequency channel is fixed, the output of each
channel can be considered as a filter output of a specific bandpass filter. In the application
of Gammatone filtering, the spacing of the center frequency of each channel varies with
frequency. This provides better frequency resolution for low frequencies at the expense of
worse spectral resolution for high frequencies.

After the transformation is done, an attempt is made to determine which time-frequency
cells are believed to have similar characteristics. This step is usually done by applying
different intrinsic acoustic cues. The next step is that of regrouping different time-frequency
regions into different streams to reconstruct either target speech, interfering speech or both.
In this stage, the most popular method used is speaker identification based on the training
data, from which each speaker’s acoustic characteristics are learned by the system. In the
reconstruction procedure, the a posteriori probability of each speaker in the training pool is
calculated for each time frame to get the best match. Based on speaker identification results,
further extraction or suppression is performed to generate different speech streams.

2.1.3 CASA Mask Generation and Evaluation

A key part of both the segmentation and regrouping stages of CASA systems is mask
generation. The term mask generation generally refers to the judgement of each individual
time-frequency cell or region whether they are reliable or not. “Reliable” here generally

means the time-frequency cell belongs to the target speaker. A “binary masks” is made about
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whether each time-frequency cell is reliable or unreliable, while the cells of “continuous”
masks are assigned a probability of reliability. The final construction of either target or
competing speech is performed based on these values.

There are various ways of evaluating the CASA systems. In this section, several popular
assessments are briefly listed.

Word Error Rate (WER): In this method, the reconstructed speech is fed into a speech
recognizer for automatic speech recognition. WER can be used as an objective assessment
to value different separation algorithms, where the best approaches yield the lowest WER
value.

Spectrogram Distance: Another way to assess separation algorithm is spectrogram
distance. In the method, the spectrogram of reconstructed speech is compared with the
original clean speech. The smaller the distance between these spectrograms, the better the
separation algorithm is.

Mean Opinion Score (MOS): The Mean Opinion Score (MOS) is a very popular
subjective evaluation scheme using human subjects. In this method, professional personnel
are asked to score to each reconstructed speech utterance on a scale of 1 to 5, from the worst
to the best.

We will use WER exclusively as the standard of evaluation of the success of the various
separation algorithms considered.

2.2 Amplitude-Modulation Spectral Analysis

In many analyses [1, 4, 7, 8, 39, 41] it is useful to separate speech and music signals into
two parts, a low-frequency modulating signal and a higher-frequency modulated carrier [39,
41]. Equations 2.1 and 2.2 describle a single-component modulation and a multi-component

modulated signal, respectively.
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2(t) = sult) = ma(t)ea(t) (2.2)

where x(t) is the single-component or multi-component signal, m(t) or m,,(t) are the low-frequency
modulating signals and c¢(t) or c,(t) are the high-frequency carriers.

Many researchers believe that the modulator of a speech signal is more important than its
own carrier signal in terms of speech perception. When a real modulator signal is replaced
by a constant envelope, speech becomes unintelligible. On the contrary, if the carrier is
replaced by white noise but the modulator signal is untouched, the speech remains very
intelligible. This observation has led many researchers to apply amplitude modulation to
monaural source separation with the hope of making amplitude modulation an important
intrinsic acoustic feature.

A popular implementation of this idea is the decomposition of the original signal into
many narrowband frequency subbands. Within each subband, the signal is further decomposed
into a modulator and a carrier. Then various feature-extraction methods based on this
implementation are used to further group components from the same source together.
2.2.1 Amplitude Modulation based Algorithms

The use of long-term temporal features to improve speech recognition accuracy has been
shown to be successful by a number of research groups (e.g. [25]). For example, Atlas and his
colleagues (among others) have proposed the use of modulation spectral analysis as a tool to
separate mixed speech in higher-dimensional spaces [40] [2]. The time-domain signal is first
transformed into a time-frequency representation by applying Short-time Fourier Transfomr
(STFT). Then, the instantaneous amplitude is calculated for each narrow-band frequency
bin. Conventional coherent demodulation is accomplished through the use of the Hilbert
transform approach. An improved “coherent demodulation” [28], which removes the carrier
frequency (i.e. the center frequency of each bandpass filter) to a high degree, has been shown
to provide better performance in term of extracting the envelope. A second FFT for the

new estimated envelope is calculated within each frequency bin. If the envelope is indeed
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modulated at a certain frequency, the FF'T operation will produce a spike at that frequency,
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Figure 2-3. The speech signal is first decomposed into a time-frequency representation by
STFT. Then within each frequency channel, a second FFT is calculated to
transfer to time-frequency representation to a frequency-frequency
representation, where one frequency axis represents physical frequency and the
other frequency axis represents modulation frequency.

Modulation-spectral theory assumes that natural speech is modulated at a rate from 2 to
20 Hz. While mixed speech may have a great deal of overlap in the time domain, modulation
frequency analysis provides an additional dimension that can provide a greater degree of
separation among sources. In other words, the original time-frequency representation obtained
from analyses such as STF'T can be augmented to a third dimension representing modulation

frequency. Components of signals from a common source are more likely to exhibit the

14



same modulation frequency. By selecting non-overlapped elements according to modulation
frequency and regrouping them together, the target speech can in principle be reconstructed
and used either for speech enhancement or speech recognition.

Nevertheless, this approach has its own issues. Since modulation frequency usually is
low (again on the order of 5 to 20 Hz), a long time window is needed to estimate frequency
components reliably. (For example, a 5-Hz signal typically requires an analysis frame of
more than 200 ms in duration to capture the frequency components of this slowly-varying
signal.) This is a problem because it is well known that instantaneous frequency changes are
important for the final recognition result, and that long temporal windows will cause these
frequency changes to be averaged out. This problem is similar to the tradeoff between time
and frequency resolution in conventional STFT. In addition, the “coherent demodulation”
method described by [28] requires an estimate of the concentrated frequency energy for each
predefined frequency block. An incorrect estimation will lead to the wrong carrier frequency
and will adversely affect the quality of the envelope that is estimated.

2.2.2 Differences between Amplitude and Frequency Modulation Schemes

Although amplitude and frequency modulation schemes are different, it is worthwhile to
compare their mathematical details and make a few comparisons. Equation 2.3 describes a

signal that could have both amplitude and frequency modulation.

y(t) = mq(t) cos(0(t)) = my(t) cos(wot + /0 meo(7)dT + b)) (2.3)

In Equation 2.3, m,(t) represents the amplitude modulation, where my(t) represents the
frequency modulation. When my(t) is equal to zero, the signal is completely modulated
by amplitude modulation. While m;(t) is equal to zero, the signal is only modulated by
frequency modulation.

In practice, coherent amplitude modulation is not very easy to obtain. Errors incurred in
the process of amplitude estimation will contribute severe negative effects to the next step

regardless of whether the modulation spectrogram or adjacent correlation patterns are used.
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While it is not possible to get a perfect estimate of instantaneous frequency, the results in the
following chapters will show that instantaneous frequency can be used directly without very
strict accuracy requirements to obtain better WER that can be obtained from instantaneous
amplitude estimation.
2.3 Multi-Pitch Tracking based Speech Separation

It is very natural to imagine that speech separation can be accomplished by detecting
the pitch of the mixed speech. Generally speaking, pitch estimation can be done using either
temporal, spectral or spectro-temporal methods [3, 10, 20]. Unfortunately, it is very difficult
to obtain perfect pitch estimation due to mutual interference from the harmonic structure of
each speaker, and a reliable algorithm that can detect each of several simultaneously-presented
pitches is critical in this approach. Figure 2-4 [50] shows that determining Fy by looking at
global or local maxima from spectra from pure or complex tones may not be very promising
without further complicated modification. If we could identify the pitch contours of each of
several simultaneous speakers, comb filtering or other techniques could be used to select the
frequency components of the target speaker and suppress other components from competing

speakers.

Because of its straightforward physical meaning and overall appeal, a great deal of effort
has been put into algorithms that accomplish multi-pitch detection (e.g. [51], [21], [15],
[30] and [5]). Weintraub’s system [30] was among the first algorithm in this field that
was applied to speech recognition. Weintraub computed the autocorrelation function of
cochlear outputs, and used dynamic programming (DP) to estimate the dominant pitch
from these results. After removing the components from the dominant speaker, this process
was repeated to retrieve the pitch values from the weaker speaker. This method is simple and
easy to implement, but it does not generally lead to a satisfactory reduction in word error
rate. In addition, a Markov model is used to estimate whether zero, one, or two speakers

are speaking simultaneously, and this classifier must be trained from data from the same
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Figure 2-4. In this figure, panel (a) shows a pure tone with period T. The corresponding
spectra peak is also shown on the right. Panels (b), (c), (d) and (e) share the
same period T of the signal in panel (a) with different waveforms. However, by
looking at the spectral response on the right, it is truly difficult to determine
the fundamental frequency simply by locating the position of the global spectra
peak.

speakers, which may not always be available. Other researchers [15] [14] have proposed
similar recursive cancelation algorithms in which the dominant pitch value is first estimated,
and then removed so that a second pitch value can be calculated. All of these algorithms
are critically dependent on the performance of the first estimation stage, and errors in the
first pass usually lead to errors in all subsequent passes.
Hu and Wang (e.g. [21]) have used a different approach to estimate pitch from simultaneously-presented

speech, and their algorithm has the additional advantage of performing voiced/unvoiced
decisions at the same time. A block diagram of this procedure is shown in Figure 2-5.

They begin by calculating correlograms of the outputs of a model of peripheral auditory
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processing, and they separate speech into low and high frequency segments. Based on the

correlogram values, a decision is made concerning whether a given narrow-band frequency

bin is sufficiently clean to be likely to represent only one speaker. A Hidden Markov Model

(HMM) was used to estimate a pitch value from each frequency bin and to further integrate

the information from all frequency channels, obtaining final pitch contours for the target

and interfering speakers. However, the success of these estimate depends critically on the

accuracy with which the parameters of the underlying statistical models, and this approach

may not generalize well to new speakers, new pitch patterns, and/or new environments.

S

Speech
: Channel/ Pitch
i?::ﬂi"fﬁ.i > Peak in?;' a:'a':ﬁ,'n tracking
g selection 9 using HMM
Cochlear
filtering

Continuous
pitch tracks

Figure 2-5. A mixture of speech and interference is processed in four main stages after the
cochlear filtering. First, a normalized correlogram is obtained within each
channel. Channel/peak selection is performed to select a subset of relatively
clean frequency channels. In this third stage, the periodicity information is

integrated across neighborhood channels. Finally, an HMM is utilized to form

continuous pitch tracks.
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CHAPTER 3
ESTIMATION OF INSTANTANEOUS FREQUENCY AND ITS APPLICATION TO
SOURCE SEPARATION

This chapter introduces a new temporal feature based on instantaneous frequency that
is intended to address some of the drawbacks to the approaches that were discussed in the
previous chapter. In the early days of research, the ways in which the human auditory system
interprets basic stimuli have been carefully studied by many researchers [47-49, 52-54]. As
in the case of many other signal processing concepts, instantaneous frequency was originally
considered in the context of frequency modulation (FM) theory that has been used in many
types of communications systems. One of the most important concepts is the observation
that the spectral characteristics of many real signals are not constant over time [7, 8]. Signal
containing these characteristics are considered to be non-stationary. A simple example is the
chirp signal, where the instantaneous frequency is a linear function of time as in Figure 3-1.

For speech signals, instantaneous frequency is also an important characteristic. It is a
time-varying parameter which defines the location of the signal’s spectral peak as it varies
with time. Theoretically speaking, it can be interpreted as the frequency of the best fit
to the signal under analysis [7, 8]. This analysis assumes that the signal contains only a
single frequency in the analysis band. Multi-component signals must first be decomposed
into many narrow-band ranges for further processing.

Many research results [9] have shown that the frequency components of human speech
tend to be modulated in the frequency range of 2 Hz to 20 Hz. The carrier frequencies of
voiced speech segments are usually harmonically related, and modulated by a modulation
frequency in the range discussed above. This implies that the frequency deviation, which
refers to the amplitude of the instantaneous frequency, is proportional to the harmonic
number.

3.1 Modulation Frequency and Its application to Speech Separation

There are many different types of inherent information contained in speech, such as

pitch, onset/offset, time/frequency continuity, etc, as noted in Chapter 2. Among all the
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Figure 3-1. Spectrogram of a chirp signal whose frequency increases linearly with time.

various features, long-term temporal features are worthy of great attention. Among these
long-term temporal features, in addition to instantaneous frequency, the similar concept
of modulation frequency has also been the subject of much attention and have been used
to detect pitch, separate speech, and modify speech. While instantaneous frequency and
modulation frequency are related, they are not exactly the same. Modulation frequency
is independent of both frequency modulation or amplitude modulation, and simply refers
to the reciprocal of an entire period of a slow time-varying modulating signal. Figure
3-2 demonstrates the concepts of modulation frequency and instantaneous frequency. As
discussed above, the instantaneous frequency is the entire waveform shown in Figure 3-2,
while the reciprocal of the period of a given instantaneous frequency is the modulation

frequency.

20



Instantaneous frequency
2020 . A~ T

2015 frequency
deviation

2010

dulation

2005 od -

2000 ‘ 1

Physical frequency

1995

1990

1985

1980 1 1 1 1
0 0.2 0.4 0.6 0.8 1

Time

Figure 3-2. A simple example compares the concepts of modulation frequency, deviation
frequency, and instantaneous frequency. In the figure, the modulation
frequency is 5 Hz, the deviation frequency is 20 Hz. The modulation period is
200 ms, the reciprocal of the modulation frequency of 5 Hz.

Many studies have focused on modulation frequency in the fields of psychoacoustics
and speech production, and it is now beginning to be exploited for speech processing and
recognition. For example, the impact of modulation frequency on speech recognition was
discussed in [46]. Filter design based on modulation frequency has also been proposed for
preprocessing to mitigate the effects of reverberation [26]. Modulation frequency can also be
combined with nonnegative matrix factorization to estimate pitch explicitly [42].

The potential exploitation of modulation frequency can contribute greatly to improved
source separation. Traditional signal processing techniques such as short-time Fourier transform

(STFT) separate signals according to time and frequency. If modulation frequency can be
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consistently extracted, it provides a potential third orthogonal dimension along which signal
components can be separated and clustered. The target speech signal can potentially be
reconstructed by selecting those localized time-frequency regions that exhibit a particular
common modulation frequency [40]. Nevertheless, accurate estimation of modulation frequency
can be quite difficult for natural signals as discussed in Chapter 2.

In this chapter instantaneous frequency will be the main focus of discussion.

3.2 Instantaneous Frequency and Its Calculation

A narrowband signal can be represented by a higher-frequency carrier modulated in
amplitude and phase at lower frequencies. While there are many different ways to calculate
the instantaneous frequency, the primary way is to take the first derivative of the phase
information. In this section, several different methods of calculating instantaneous frequency
will be discussed.
3.2.1 Instantaneous Frequency Calculation

Consider, for example, the continuous-time representation of a sinusoid with time-varying

amplitude A(t) and phase 6(t),where the phase 6(t) is given by Equation 3.2.
t
y(t) = A(t) cos(0(t)) = A(t) cos(wot + / m(7)dT + b)) (3.1)
0

where

0(t) = wot + /t m(7)dr + 0y (3.2)

The instantaneous frequency w;(t) is the derivative of the instantaneous phase 6(t) with
respect to time:
do(t
wi(t) = % = wp + m(t) (3.3)
where wy is the carrier frequency and w;(t) is the instantaneous frequency which represents
deviations about the nominal frequency value wy. m(t) is an arbitrary signal that can be

added to the carrier frequency. If a signal is a complex tone with multiple harmonics, the n”

harmonic of the fundamental would exhibit the same instantaneous frequency of fundamental
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frequency multiplied by n:

Wy (t) = nwy + nm(t) (3.4)

Because instantaneous frequency is a concept that is meaningful only for narrowband
signals as discussed above, an incoming speech signal must be passed through a bank
of bandpass filters to provide parallel narrowband components from which instantaneous
frequency may be estimated. In addition, this processing normally must take place in discrete
time. The short-time Fourier transform (STFT) provides a convenient way to obtain this
bandpass filtering implicitly [16, 19, 34, 37]. The combined speech z[n] is decomposed into
the two-dimensional time-frequency representation X [n, k| where n is the time frame index
and k is the index of frequency bins. Each frequency bin can be considered to be the output
obtained by passing the original input through a narrow bandpass filter. The instantaneous
amplitude and phase of the filter outputs for each frequency bin will be slowly time varying.
The phase information [n, k] is obtained easily from the inverse tangent of the quotient of

the imaginary and real parts of the filter output X|[n, k]:

(X [n, k)

O[n, k] = arctan(m) (3.5)

The instantaneous frequency w(n, k| is estimated by taking the first difference of the instantaneous

phase, with care taken to deal appropriately with the effects of phase wrapping.

win, k] = 0[n, k] —0[n — 1, k] (3.6)

In [19, 37], an alternative calculation was proposed as follows. Suppose X (w,,t) is the
time frequency representation of a given signal x(n) obtained by applying Short-Time Fourier
Transform (STFT). X (w,,t) can then be represented in Equation 3.7, where a and b are the

corresponding real and imaginary parts of the complex spectrum.

X(wn,t) = alwp, t) — jb(wp, t) (3.7)
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where
t
o t) = / 2Pt — ) cos(wnr)dr (3.8)
and
t
b(wn,t) = / x(7)h(t — 7) sin(w,T)dT (3.9)
From these equations the instantaneous frequency can be calculated as follows:
d(0(wy,t))  (da/dt)b— (db/dt)a

7 = 2 (3.10)

In the actual calculation of instantaneous frequency, all the work must be done in the
discrete domain. Equation 3.8 and 3.9 can be represented in their discrete form as in

Equation 3.11 and 3.12

alwy,, m] = X gx[l] cos[wyl|h[m — ] (3.11)

blwn, m] = X% gz [l] sin[w,l]h[m — ] (3.12)

Again, m is the frame index along the time axis. Simply by taking the first-order difference

of Equation 3.11 and 3.12, Aa and Ab can be calculated:

Aa = alwy, (m + 1)] — alw,, m] (3.13)

Ab = blwy, (m + 1)] — blw,, m] (3.14)
Finally, the discrete form of instantaneous frequency can be calculated in Equation 3.15:

Ay 1 bAa — aAb
. mll = ————~ 1
T [w, mT] T 2 (3.15)

where T' is the sampling period to collect the signal. Before other alternative ways to calculate

instantaneous frequency introduced in the following section, Figure 3-3 is a block diagram
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that describes how to obtain instantaneous frequency in the original way as discussed above.

Channel 1
Input
speech Instantaneous
phase
calculation
Channel N
i First order . Phase
Instantane | derivative unwrapping
ous
frequency

Figure 3-3. A block diagram that describes how instantaneous frequency is calculated by
the method discussed in Equation 3.6.

Although the schemes shown in Figures 3-3 and 3-4 are perfect for continuous signals,
some practical issues arise when discrete signals are involved. Equation 3.16 shows a discrete

Short-Time Fourier Transform:

o0
—j2rmk

X[kl = Y almlwn —mle™~ (3.16)
where n is the frame index and k is the frequency index. Therefore, the phase information
and thus the corresponding instantaneous frequency calculated from Equation 3.6 and 3.15
are all functions of n and k. Every instantaneous phase calculated here is the difference

between an average version of all samples included in the current frame and its neighbor.

More specifically, the instantaneous phase calculated in the discrete case is dependent on
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Figure 3-4. A block diagram that describes how instantaneous frequency is calculated by
using the method discussed in Equation 3.15.
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three factors. The first is the length of the analysis window. The second is the shape of the
analysis window. And the third is the overlap between adjacent windows. The last factor
gives us a hint that the calculated instantaneous phase may result in an unnecessary phase
discontinuity. In other words, the adjacent phase difference can jump out of the range of =.
In this case, phase unwrapping is often done by adding multiples of +27 to limit the change
of phase over successive frames. Figure 3.2.1 demonstrates how phase unwrapping works.
[FIX FIG REF]

However, phase unwrapping only partially solves the problem. The following example
shows that the calculations based on both Equations 3.6 and 3.15 give the wrong phase of

the estimated instantaneous frequency.

x(t) = Acos(0(t)) (3.17)
O(t) =2nft + ;—0 sin(27 fint) (3.18)
w(t) = 27 f. + 2m20 cos(2 fiut) (3.19)

Equation 3.18 and 3.17 illustrate an expression of a testing signal, in which the instantaneous
frequency is given in Equation 3.19. However, Figure 3-6 shows that the instantaneous
frequency from all three channels in the harmonic structure contains instantaneous frequency
in the form of a sine wave rather than a cosine, even though the frequency deviation and
modulation frequency value are correct in this example.

In the following section, two “continuous” forms of instantaneous frequency calculation
will be presented in order to solve this problem, where “continuous” refers to avoiding using

the phase difference between adjacent windows in the discrete case.
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Figure 3-5. The upper panel is the estimated phase before phase unwrapping and the lower
panel is the corresponding estimate after phase unwrapping.
3.2.2 Two Alternative ways to Calculate Instantaneous Frequency
As discussed in the previous section, assume X (w, t) is the time frequency representation
of a given signal x(n) in the time domain. An alternate representation of X (w,t) is in the

form of Equation 3.20 below:
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Figure 3-6. The instantaneous frequency estimate of a multi-sinusoid signal using
Equations 3.6 or 3.15.

X (w,t) = Aw, t)e??@? (3.20)

where A(w, t) is the instantaneous amplitude and 6(w, t) is the instantaneous phase information.
Since instantaneous frequency is related only to its instantaneous phase, the phase can be

calculated as in Equation 3.22 [27]:

O(w,t) = LX (w,t) = Slog[X (w, t)] (3.21)

where Zx and Sz denote the angle and the imaginary part of the complex number z,

respectively.
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where X (w, t) is the Short-Time Fourier Transform (STFT) of the time domain signal z(n)
and X;(w,t) is the STFT of the same signal x(n) but using the derivative of the original

window w(t) as the new window signal. Equation 3.23 and 3.24 show details below:

X(w,t) = /_00 o(T)w(r —t)e 7dr (3.23)
Xi(w, t) = /_00 SC(T)WijTdT (3.24)

Equation 3.22 does not calculate instantaneous frequency through each windowed frame.
Instead, it takes the derivative of the window signal itself and calculates instantaneous
frequency in a “continuous” way while remaining in discrete form. By using this method,
there is no first-order discrete difference operation needed to calculate instantaneous frequency.
All calculations are based on the same operation of the STF'T with a different type of window
signal.

Given the time-frequency representation of signal z(n) in Equation 3.23, the filter bank

can be expressed in Equation 3.25:

F(w,t) =X (w,t) (3.25)
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As a result, the instantaneous frequency can be represented by Equation 3.26 :

(w,t) 0
= — F 2
1) _ 0 gl 1) (3.26)
If F(w,t) is also represented as:
F(w,t) =a—jb (3.27)

Inspired by Equation 3.10,

90(w,t)  (9a/dt)b — (Db/dt)a

o a2 + b2 (3.28)
To solve da/0t and 0b/0t in a “continuous” way, we perform the operation
0 da  .0Ob
= / (—% + jow(r — t))e 7T g (7)dr (3.29)

In Equation 3.29, it is easy to see the equation is nothing but a STFT of the same
signal x(n). Again, the only difference is the window signal w(r — t) is replaced by a new

% +jww(T—1). By doing this transformation, all parameters in Equation 3.28

window —
can be calculated in “continuous” form and thus achieve the best possible results. Figure
3-8 illustrates the estimate of instantaneous frequency obtained by using the instantaneous
phase represented by Equation 3.18. By contrasting it to Figure 3-6, it is easy to see that this

estimate has the correct cosine form with the correct deviation and modulation frequencies.

3.3 Instantaneous Frequency Estimation for Frequency-modulated Complex
Tone

In the previous sections we discussed methods for estimating instantaneous frequency
in both continuous and discrete form. We now discuss some actual examples using a
multi-sinusoidal signal, along with the estimation of instantaneous frequency for frequency-modulated

complex tones.
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Figure 3-7. A general diagram of how instantaneous frequency is calculated by using the
differentiated window method discussed in Equation 3.29.

3.3.1 Frequency-modulated Complex Tones

John Chowning is a pioneer in electronic music who is perhaps best known as the father of
FM synthesis. Around 1982, Chowning demonstrated the importance of micro-modulation
in perceptual grouping of complex tones. Figure 3-9 shows the waveform we refer to as the
sum of three frequency-modulated complex tones, where each tone has its own fundamental
frequency with its own corresponding instantaneous frequency. In the figure, from left
to right, the number of complex tones increased gradually from one to three, and the

fundamental frequencies of each of the three complex tones undergo separate micro-modulations
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Instantaneous frequency for three harmonic related channels
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Figure 3-8. The instantaneous frequency estimation from a multi-sinusoid signal using
continuous window derivative methods.

in frequency.

3.3.2 Extracting Instantaneous Frequency from Frequency-modulated Complex
Tones

Figure 3-10 illustrates a simple example of the estimation of instantaneous frequency
from a frequency-modulated complex tone. In this example, the signal consists of two
complex tones at 0 dB, where the target tone has a fundamental frequency at 300 Hz with
5-Hz modulation frequency and 10-Hz frequency deviation, while the interfering tone has
a fundamental frequency at 400 Hz with 3-Hz modulation frequency and 15-Hz frequency
deviation. The figure shows the instantaneous frequency estimated from frequency channels

corresponding to the first and second harmonics and a third irrelevant channel, respectively.
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Chowning signal with three complex tones
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Figure 3-9. Spectrogram of the sum of three frequency-modulated complex tones.

It is clear that the instantaneous frequencies from these correlated channels behave in a
similar fashion, while harmonic members’ behavior are quite different from non-harmonic
member’s. While the estimation is not perfect compared with ground truth (which would
be a perfect sinusoid), the correlation of those related channels would still be identified
using traditional cross-channel correlation methods, as discussed in the following chapters.
Without too much discussion on the cross-channel correlation methods itself, Table 3-1
shows the experimental results of comparisons among harmonic members as well as the ones
between harmonic members and non-harmonic member. In this experiment, instantaneous
frequencies are estimated from three channels at various SNRs. Two of these three channels
correspond to harmonic members, while the other is from the pool of non-harmonic channels.

The second column in the table shows the correlation value among the two harmonic members.
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Similarly, the third column shows the correlation between harmonic and non-harmonic
members. This table clearly shows that harmonic members show strong correlation even
in the very challenging 0-dB environment. At the same time, non-harmonic members are

easy to rule out after calculating their correlation values.
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Figure 3-10. Instantaneous frequencies estimated from corresponding frequency channels
from a frequency-modulated complex tones at SNR 0 dB, where the upper
and middle signal are from the same harmonic structure and the lower signal
is from another irrelevant channel.

3.4 Factors Affecting Instantaneous Frequency Estimation
In this chapter, multiple methods to estimate instantaneous frequency have been discussed.

There are several factors that affect estimation accuracy.
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SNR | correlation between harmonics | correlation with non-harmonic
Clean 0.9999 0.1011
20 dB 0.9996 0.0994
15 dB 0.9991 0.0981
10 dB 0.9976 0.0954
5 dB 0.9928 0.0904
0dB 0.9776 0.0823

Table 3-1. Correlation comparison among harmonic members and between harmonic and
non-harmonic members.

The STFT is a popular method to project the one-dimensional time signal into a two-dimensional
time-frequency representation. In this representation, the center of each frequency channel
is linearly spaced across the whole frequency range with bandwidth overlapping depending
on how many frequency channels are used in the application. Several issues may cause
inaccuracy of estimating the final instantaneous frequency. As discussed above, as the order
of harmonics increases, the corresponding frequency deviation also increases proportionally.
This is not an issue when harmonics are in the low frequency range. Unfortunately, this
becomes a serious problem when frequency becomes greater. Since the bandwidth of each
frequency channel is only determined by the number of samples contained in each frame
used to do the Fourier transform, bandwidth is not a function of the order of harmonics.
Therefore, when the frequency deviation becomes larger than the bandwidth of the frequency
channel in the high-frequency range, the estimation of instantaneous frequency is no longer as
accurate as in the low frequency range. Fortunately, the experiments shown in the following
chapters will demonstrate that it is possible to obtain reasonable results by dealing only with
frequency components up to 4000 Hz.

The second issue of estimation comes from corruption by frequency components from
other sources. When more than one source is involved in the same mixed signal, instantaneous
frequency estimation cannot be perfect due to either noisy components sitting in the same
frequency channel or due to smearing from adjacent frequency channels. Nevertheless, Table
3-1 indicates that imperfect estimation of instantaneous frequency can still yield reasonably

good classification results.
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In general, our proposed method is valid when the target signal does not fall below
0 dB compared to interfering speech, when the fundamental frequencies of the target and
interfering speakers are not too close to one another, limiting processing to frequencies below

4000 Hz. Fortunately, in practice, all these conditions are not too difficult to meet.
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CHAPTER 4
CROSS-CHANNEL CORRELATION AND OTHER MASK-CLUSTERING METHODS

In Chapter 3, multiple ways to estimate instantaneous frequency have been discussed.
This is the first step to extract similar temporal features shared among harmonic structures
from simultaneous speech. In this chapter, cross-channel correlation and other mask-clustering
methods are proposed in order to identify which frequency channels are from the same
harmonic structures.

4.1 Cross-channel Correlation

The term “cross-channel correlation” used in this dissertation is defined to be the pair-wise
correlation between every pair of frequency channels cross the entire designed frequency
regions. It is proposed to extract to the greatest extent possible those frequency channels
that are believed to come from the same speech source. The key idea of using cross-channel
correlation is to identify the common frequency trajectory movement within each frequency
channel. In this chapter, the major trajectory we try to track is instantaneous frequency. As
discussed in the previous chapter, with the presence of other competing speech or any other
type of noises, perfect estimation of instantaneous frequency is not possible. By using this
method, a certain degree of instantaneous frequency estimation inaccuracy can be tolerated.
As long as the direction of movement of instantaneous frequencies from the same source
remains intact, cross-channel correlation is able to pick up the common tendency even though
the estimation of instantaneous frequency is not perfect. Other complementary methods will
also be discussed in this chapter to prune out further certain frequency channels that are
extracted in error using this algorithm.

If this can be done, frequency components from different speakers should be categorized
into different groups. There is one important assumption in using this method, which is that
the fundamental frequencies of the two speakers do not overlap too much. If this is the case,
most, if not all, of the harmonic structures of the two speakers will overlap with each other,

which makes the separation task almost impossible.
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As briefly mentioned before, one way to determine these intrinsic relationships among
frequency components is to calculate pair-wise cross-channel correlations across the entire
frequency axis. Once the instantaneous frequency is obtained based on Equation 3.6 for each
time-frequency element, a pair-wise short-time cross-channel correlation of instantaneous
frequency can be computed based on Equation 4.1 below. Let R(ko,k;) represent the
cross-channel correlation evaluated for two frequency channels represented by the indices

ko and k. Specifically, R(ko, k1) is expressed as

C'(ko, k
R(ko, k1) = ko, k1) (4.1)
\/C(k()a kO)O(kh kl)
where C'(ko, k1) is the covariance of the instantaneous frequency for indices ko and ky:
C(ko, k1) = E[(w[n, ko] — wn, ko)) (w[n, k1] — w(n, k1]] (4.2)

4.1.1 Patterns of Separated Speech Components Obtained by Cross-channel
Correlation

Since the motivation for using cross-channel correlation is to identify common changes of
instantaneous frequency trajectory, the expected result is that the more common movement
shared by two frequency channels, the higher the correlation value should be.

To demonstrate this idea, we first construct a multi-sinusoid signal. Equation 4.3 shows
the combined signal, where Equation 4.5 shows the phase representation of the target signal
at its fundamental frequency f., with the modulation frequency f,, and deviation frequency
at 20 Hz, where f. = 2000, f,, = 5. Equation 4.4 shows the phase representation of the
interfering signal with fundamental frequency f.; equal to 5000 and all other parameters the

same. The other difference is the phase has /2 shift.

x(t) = cos(0(t)) + cos(20(t)) + cos(36(t)) + cos(0y(t)) (4.3)
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0 (8) = 2 fut + -2 sin(2m font + 7/2) (4.4)

0(t) = 27 fut + ;—0 Sin(27 fnt) (4.5)

m

In the experiment based on the above equations, a complex signal with fundamental
frequency 2000 Hz has two harmonics at 4000 Hz and 6000 Hz, respectively. The modulation
frequency added to this harmonic structure is 5 Hz, while the deviation frequency is 20
Hz. Meanwhile, an interfering sinusoid signal is added with fundamental frequency 5000
Hz, with same modulation frequency but with 7/2 phase difference. Figure 4-1 shows
the instantaneous frequency output from the four corresponding frequency channels, where
sub-figures 1, 2 and 4 show the harmonic structure from the desired multi-sinusoid signal
at frequency 2000 Hz, 4000 Hz and 6000 Hz, respectively, while sub-figure 3 shows the
interfering signal at frequency 5000 Hz. From the sub-figures corresponding to the desired
signal, the instantaneous frequencies tend to change in a similar fashion as they share the
same modulation frequency. Meanwhile, the deviation frequency is steadily increasing from
20 Hz for the fundamental frequency to 60 Hz for the third harmonic.

Figure 4-2 demonstrates the details of these frequency changes in its spectrogram. The
red parts indicates high concentrations of energy while low energy is represented by blue.
Again, the frequency channels at 2000, 4000, 5000 and 6000 Hz contain most of the energy
of the signal. As the harmonic order increases, the deviation frequency or the change of
frequency as a function of time, becomes greater and greater.

Figure 4-3 illustrates the two-dimensional cross-channel instantaneous frequency correlation
representation, where each pair-wise correlation between frequency channels is calculated and
illustrated in the figure. In this case, instantaneous frequencies from four different frequency
channels are used to calculate the correlation. As shown above, the instantaneous frequencies
from frequency channels centered at 2000, 4000 and 6000 Hz should be highly correlated, or

in other words, should be represented as red boxes in the figure, while the channel centered at
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Instantaneous frequency from different frequency channels
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Figure 4-1. Instantaneous frequency estimates from corresponding frequency channels
where a multi-sinusoid target signal and the single-sinusoid interfering signal
have most of their energy.

5000 Hz should have low correlation with the other three frequency channels (i.e. represented
by a blue box). Figure 4-3 accurately reflects this information. In the figure, Channel 3 (the
frequency channel centered at 5000 Hz) is only highly correlated with itself but with no other
channel.

Figure 4-4 provides an example of the cross-channel correlation of a typical frequency-modulated
complex tone. Details of the type of signal were discussed in Chapter 3. In this figure, the
signal has a fundamental frequency at 150 Hz with a modulation frequency at 5 Hz. Due
to the overlap of frequency channels and the frequency smearing effects, several frequency
channels around centers of harmonically-related frequencies show similar behavior. Each

small red box in the figure represents high correlation among those frequency channels.
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Spectrogram of the combined signal
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Figure 4-2. Spectrogram of the signal described in Equation 4.3.

Figure 4-4 clearly shows that all the red boxes (“pixels”) are concentrated at frequencies
which are multiple integers of the fundamental frequency of 150 Hz. In the figure the first
and second blue lines represent the first and second harmonics at 150 Hz and 300 Hz,
respectively.

Figure 4-5 shows the two-dimensional symmetric correlation matrix R from a real speech
segment where the dominant fundamental frequency is around 135.5 Hz. For any particular
frequency index k in a given correlation matrix R, a row vector (or equivalently a column
vector due to symmetry) represents every correlation values of this particular frequency bin
K with respect to the other frequency bins. It is reasonable to assume that those frequency

bins with harmonic structure should be highly correlated with each other, thus providing a



Cross—channel correlation of tested signal
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Figure 4-3. Cross-channel correlation of four frequency channels where a multi-sinusoid
target signal and single-sinusoid interfering signal have most of their energy.

relatively high average value if all correlation values for a given k are averaged. Equation

4.6 below describes how to calculate the average correlation value for each frequency bin.

K
RM (k) = %;R(k,m) (4.6)
where, k and m are frequency bin indices, K is the total number of frequency bins, which are
typically the positive frequencies of the FF'T that is evaluated in the STFT computation.
Once the average correlation is obtained, an empirically-derived threshold can be applied
to determine which frequency bins have an average correlation value that exceeds the threshold

and thus can be assumed to be correlated. We have observed empirically that a weak
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Cross—channel correlation of a Chowning signal at fundamental frequency of 150 Hz
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Figure 4-4. Cross-channel correlation of a typical frequency-modulated complex tone at the
fundamental frequency of 150 Hz.

speaker’s harmonic correlations do not have any impact as long as the local SNR is not too
close to zero (which is usually satisfied).
4.1.2 Mean Square Difference Mask Generation

Cross-channel correlation has already been demonstrated to be able to identify correlated
frequency components with common instantaneous frequency changes. Nevertheless, there
is an issue which may cause possible errors in grouping the frequency components. From the
theory discussed in Chapter 3, it is known that while the modulation frequency value itself
remains the same within a given harmonic structure with the same fundamental frequency,
the frequency deviation value is proportional to the order of the harmonics. In other

words, with a larger harmonic number, a larger frequency deviation will be observed. If
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Cross—channel correlation for a short voiced segment
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Figure 4-5. Cross-channel correlation over all frequency bins for a short voiced segment

with fundamental frequency 135.5 Hz. The red and yellow regions represent
high correlation, while blue and green regions represent low correlation.

different harmonics reflect the same modulation, then their actual frequency deviation will
be proportional to their harmonic numbers, so they will correlate with one another, but not
be equal. The problem with correlation is that it can lead to spurious matches between
components whose changes are proportional, but not in the appropriate scale (e.g. a high
frequency with a slightly positive trend in instantaneous frequency can correlate strongly
with a lower frequency with a much larger instantaneous frequency trend that happens to
be linear and positive as well).

In addition to applying correlation, other methods such as mean-squared difference
(MSD) can be used to provide further pruning of those frequency channels which are picked

up mistakenly. This combined method will be more reliable.
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We make use of the signal described in Equations 4.5 and 4.3 to demonstrate this case,
but with a different interfering signal. Specifically, the frequency deviation is changed to 10
Hz as in Equation 4.7 to test whether MSD can detect and further prune it out from the

selection of cross-channel correlation.

01(t) = 2w fert + }—0 sin (27 fint) (4.7)

m

Table 4-1 shows the correlation values obtained using the cross-correlation method, where
the ground truth is that frequency channel 3 should not be included in the final selection.
As it is, frequency channel 3 demonstrates as a high correlation value in Table 4-1, as
do all other frequency channels, which results in a failure to exclude Channel 3 from the
frequency-component grouping. The reason is simply because the correlation calculation

rules out consideration of a proportional increase of deviation frequency as discussed above.

FREQ1 | FREQ2 | FREQ3 | FREQ4

FREQ1 1 1 1 0.997
FREQ2 1 1 1 0.998
FREQ3 1 1 1 0.997

FREQ4 | 0.997 | 0.998 | 0.997 1
Table 4-1. Correlation using the cross-channel correlation method.

To solve this problem, Equation 4.8 is used to calculate the Mean Square Difference
(MSD). Using this method, the distance between frequency channels from the same harmonic

structures should have smaller values than those between the other channels.

MSD(ko, kry — Z (m, ko) —w(m, ko)  w(m, ki —w(m, kl))2 (48)
’ M w(m, ko) w(m, k1)

where w(m, ko) and w(m, k1) represent the instantaneous frequencies from channel kg and k;
at time index m and M is the total number of frames included in the calculation.

Table 4-2 illustrates results calculated using the MSD method and applied to the same
signal, where the difference between channel 1 and channel 3 is abnormally high. Table 4-1

first provides a set of frequency channels that are believed to come from the same source.
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Table 4-2 is used to further remove the spurious channels. Combining Table 4-2 with Table

4-1, the desired final result can be achieved.

FREQ1 | FREQ2 | FREQ3 | FREQ4
FREQ1 0 0 0.3103 | 0.0003
FREQ2 0 0 0.3120 | 0.0002
FREQ3 | 0.3103 | 0.3120 0 0.3154
FREQ4 | 0.0003 | 0.0002 | 0.3154 0

Table 4-2. Instantaneous frequency distance using the mean square difference method.

4.2 One-Dimensional Projection Solution

Both cross-channel correlation and mean square difference provide a two-dimensional
representation of the relationships among all frequency channels. Nevertheless, the best way
to project this two-dimensional information into one dimension and obtain the corresponding
frequency index remains unclear. There are many ways to extract this information. One
straightforward idea is to take the sum or average across each frequency index (e.g. across
each row or column in Figure 4-3, 4-4). Since the correlation matrix is symmetric, the sum
or average could be calculated across either the rows or columns.

Equation 4.6 shows how the one-dimensional projection is calculated. By averaging over
the columns of R(k,m) we obtain the average correlation for each row or column.

The frequency channels, which are members of the harmonic structure corresponding
to the fundamental frequency, usually have high correlation values with other frequency
channels also belong to the same harmonic structure. If one channel does not share a
common modulation frequency with the others, it is rare to observe high correlation values
with other frequency channels. Therefore, for the final one-dimensional average across the
frequency index, it is reasonable to see that the members of the harmonic structure generally
have high average correlation values, while other frequencies have relatively low values.

Figure 4-6 demonstrates the simplest case of the application of one-dimensional projection
where the signal described in Equation 4.3 is used. In this case, it is already known from

ground truth that the third frequency channel analyzed does not come from the same
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harmonic structure as the other three channels, even though the modulation frequency is
the same. In Figure 4-6, it is clear to see that the average correlation of the third frequency
channel is much lower compared with the other three. A predetermined empirical threshold

can be easily applied to exclude this channel from the final selection.

One dimension projection
0.8
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Figure 4-6. One-dimensional projection for the same signal used in Figure 4-2.

The average correlation values from a frequency-modulated complex tone is shown.
When pair-wise correlation is calculated, attention should be paid only to those frequency
channel pairs having relatively high correlation values. Frequency channel pairs having low
correlation or even negative correlation are best filtered out before the averaging operation
performed. Equation 4.9 presets all the correlation less or equal to 0.3 to zero while keeping

the others intact, where 0.3 is an empirical value that may vary according to the database.
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After the pre-filtering, Equation 4.6 is applied to calculate the one-dimensional average

correlation values.

R(k,m), for R(k,m) > 0.3,
Ry(k,m) = (4.9)
0, otherwise
To show how the average correlation method can can be used to successfully pick up
harmonic members from all frequency channels, we designed an experiment using a frequency-modulated
complex tone with two complex tones presented simultaneously at various SNRs involved.
The two complex tones in each signal have different fundamental frequencies as well as
modulation frequencies. In the experiment, we build up confusion matrices to illustrate
the harmonic selection accuracy. Table 4-3 to Table 4-7 show the accuracies at different
SNRs. In those tables, “Desired harmonics (H)” means the frequency channels that should

be selected by the algorithm as harmonics, while “Undesired frequencies (H)” means those

channels that should not be selected by the algorithm as harmonics. In contrast, “Desired

7 7

harmonics (A)” and “Undesired frequencies (A)” represent the frequency channels that are
actually identified as harmonics or not. These tables indicate that the accuracy of selecting
the right harmonics decreases as SNR decreases, as would be expected. Meanwhile, the rate
of missing the right harmonics increases as SNR decreases. This decreasing accuracy will

eventually lead to a decrease in the final WER, which will be presented later.

UNDESIRED FREQUENCIES(H) | DESIRED HARMONICS(H)
UNDESIRED FREQUENCIES(A) 94.55% 5.45%
DESIRED HARMONICS(A) 18.68% 81.32%
Table 4-3. Confusion matrix of performance of selected harmonic frequencies for the clean
case using the 1-D projection method.

UNDESIRED FREQUENCIES(H) | DESIRED HARMONICS(H)
UNDESIRED FREQUENCIES(A) 94.12% 5.88%
DESIRED HARMONICS(A) 24.62% 75.38%
Table 4-4. Confusion matrix of performance of selected harmonic frequencies at 15 dB
using the 1-D projection method.
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UNDESIRED FREQUENCIES(H)

DESIRED HARMONICS(H)

UNDESIRED FREQUENCIES(A)
DESIRED HARMONICS(A)

97.06%
26.15%

2.94%
73.85%

Table 4-5. Confusion matrix of performance of selected harmonic frequencies at 10 dB
using the 1-D projection method.

UNDESIRED FREQUENCIES(H) | DESIRED HARMONICS(H)

UNDESIRED FREQUENCIES(A) 97.06% 2.94%
DESIRED HARMONICS(A) 38.46% 61.54%

Table 4-6. Confusion matrix of performance of selected harmonic frequencies at 5 dB using
the 1-D projection method.

4.3 Graph-Cut Solution

Currently simple average correlation approach discussed in the previous section has been
used to find highly-correlated frequency bins, by simple averaging along one dimension to
reduce the two-dimensional correlation matrix to one dimension with modest computation.
While this approach is attractive because of its low computation load, straightforward
physical meaning, and relatively easy implementation, it does not exploit the structure of the
correlation matrix itself. Image segmentation and grouping have provided many promising
directions toward better solutions of this problem. The idea in image segmentation is to
minimize the distance between members from the same group while maximizing the distance
between members from different groups, which is quite similar to linear discriminant analysis
(LDA) [17]. Among several graph-cut algorithms, Shi and Malik’s work [43] provides a good
entry point to explore the correlation and improve the final performance.

Rather than focusing on local features and their consistencies in the two-dimensional

correlation representation, the graph-cut approach aims at extracting the global impression

of the 2D image.

Image segmentation is treated as a graph partitioning problem. The

UNDESIRED FREQUENCIES(H)

DESIRED HARMONICS(H)

UNDESIRED FREQUENCIES(A)
DESIRED HARMONICS(A)

77.94%
33.85%

22.06%
66.15%

Table 4-7. Confusion matrix of performance of selected harmonic frequencies at 0 dB using
the 1-D projection method.
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graph-cut criterion measures both the total dissimilarity between the different groups as well
as the total similarity within the groups. In this way, the problem of how to efficiently extract
the pattern contained in the 2D correlation matrix can be transferred into an eigenvalue and
eigenvector problem, where the correlation can be the target matrix to be solved.

This approach is most related to the graph theoretic formulation of grouping. The set of
points in an arbitrary feature space is represented as a weighted undirected graph G = (V, E),
where the nodes of the graph are the points in the feature space (a set V'), and an edge is
formed between every pair of nodes (a set E'). The weight on each edge, w(i, j), is a function
of the similarity between nodes ¢ and j.

In grouping, the goal is to seek to partition the set of vertices into disjoint sets Vi; Va;
-+ 3 Vi, where by some measure the similarity among the vertices in a set V; is high and,
across different sets V;, V; is low.

Figure 4-7 shows an undirected graph G, which has 9 nodes. The index of each node
is marked in red and the correlation between each node is represented in black. From the
figure, it is easy to see that the entire graph can be divided into two sub-graphs, where
Nodes 1, 2, 3 and 4 fall into one sub-graph and Nodes 5 to 9 belong to the other graph.
All the nodes can be considered as an n-dimensional feature vector. The undirected graph
is sitting in the same n-dimensional space. There are multiple ways to calculate the values
between each node. Euclidean distance and other distance measures can be used, where the
closer two nodes are, the smaller values are. In Figure 4-7, all values shown in the figure are
correlation, where the closer two nodes are, the larger values are.

Equation 4.10 below is a matrix representation of the graph shown in Figure 4-7. The
matrix is also called affinity matrix, which will be discussed in detail. Suppose there is
a binary weight vector w (which is also called an indicator vector) with length equal to
the number of nodes in the entire graph G, where each of its component is 1 when the
corresponding node is sitting in a desired sub-graph C, as in Equation 4.11. Equation 4.12

can be used to calculate the average association between all nodes in the same sub-graph
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Figure 4-7. An undirected graph G, which has 9 vertices and should be divided into two
partitions.

C. It is very reasonable to believe that the average association described in Equation 4.12
should have a large value if the choice of sub-graph C' is a good cluster. If wbw is also
used to normalize the calculated average association, the problem of identifying the optimal
sub-graph transforms itself into the new problem of finding a proper vector w to maximize the
average value of w*Mw. If the requirement that vector w be binary is removed, it is expected
that elements w; in vector w would be large value compared to other elements if node 7 is a
member of sub-graph C'. This idea can be expressed in Equation 4.13. Based on Rayleigh’s
ratio theorem, for any symmetric affinity matrix M, the maximum value of d in Equation 4.13
can be obtained by picking up the eigenvector corresponding to the largest eigenvalue of M.
For the affinity matrix M given in Equation 4.10, the largest eigenvalue A, is 1.6951, where
the corresponding eigenvector is [0.5739, 0.4326, 0.6249, 0.3044, 0.0101, 0.0085, 0.0036, 0.0083, 0.0105].

It is easy to set up a threshold to make the decision that Nodes 5 to 9 are sitting in the
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sub-graph C, which also automatically places Nodes 1 to 4 in the other sub-graph if the

assumption is that there are only two sub-graphs.
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0.3 (4.10)
0.4
0
0.1
1
(4.11)
(4.12)
(4.13)

UNDESIRED FREQUENCIES(H)

DESIRED HARMONICS(H)

95.28%
13.14%

UNDESIRED FREQUENCIES(A)
DESIRED HARMONICS(A)

4.72%
87.86%

Table 4-8. Confusion matrix of performance of selected harmonic frequencies for the clean

case by using the graph-cut method.

UNDESIRED FREQUENCIES(H)

DESIRED HARMONICS(H)

94.97%
19.77%

UNDESIRED FREQUENCIES(A)
DESIRED HARMONICS(A)

5.03%
80.23%

Table 4-9. Confusion matrix of performance of selected harmonic frequencies at 15 dB by

using the graph-cut method.
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Though both one-dimensional projection and the graph-cut approach provide good ability

to identify a correlation pattern from its 2-D representation in theory, the later demonstrates

superior performance compared to the former. In Equation 4.13, the vector w is able to

iterate all possibilities of cutting the 2-D correlation into different sub-graphs by changing

each individual element inside w. The best existing vector w is the eigenvector corresponding

to the largest eigenvalue of the correlation matrix R.

UNDESIRED FREQUENCIES(H)

DESIRED HARMONICS(H)

UNDESIRED FREQUENCIES(A)
DESIRED HARMONICS(A)

97.79%
20.28%

2.21%
79.72%

Table 4-10. Confusion matrix of performance of selected harmonic frequencies at 10 dB by
using the graph-cut method.

Figure 4-8 and Figure 4-9 illustrate the superiority of using the graph-cut method compared

to one-dimensional projection by plotting the selection results using the two methods.

Table 4-8 to Table 4-12 show the performance with confusion matrices by applying the

graph-cut method to the same signals described above.

The results reconfirm that the

graph-cut method is more reliable than one-dimension projection with a penalty of a greater

computational load in calculating eigenvalues and eigenvectors for each correlation matrix.

We will compare these two methods in terms of their impact on speech recognition accuracy

in the following chapter.

UNDESIRED FREQUENCIES(H)

DESIRED HARMONICS(H)

UNDESIRED FREQUENCIES(A)
DESIRED HARMONICS(A)

96.36%
30.77%

3.64%
69.23%

Table 4-11. Confusion matrix of performance of selected harmonic frequencies at 5 dB by
using graph-cut method.

UNDESIRED FREQUENCIES(H)

DESIRED HARMONICS(H)

UNDESIRED FREQUENCIES(A)
DESIRED HARMONICS(A)

76.47%
32.31%

23.53%
67.69%

Table 4-12. Confusion matrix of performance of selected harmonic frequencies at 0 dB by
using graph-cut method.
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Figure 4-8. Graph-cut method to extract classification information from correlation matrix.

25



One-dimension projection method

0.25

©

0.2

0.15

0.1

0.05

Averaged values from the correlation matrix

1 2 3 4 5 6 7 8 9
Index of all nodes

Figure 4-9. 1-D projection method to extract classification information from correlation
matrix.
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CHAPTER 5
GROUPING SCHEMES AND EXPERIMENTAL DESIGN

In the previous chapters we have discussed the estimation of instantaneous frequency, the
application of cross-channel correlation and the utilization of graph-cut theory to identify
frequency channels from the same speech source.

In this chapter, the solution of how to regroup frequency components identified from
the same source will be discussed, which includes pitch detection and traditional speaker
identification. In addition, a sieve function will be introduced to refine further the selected
harmonic structure obtained from the cross-channel correlation function based on instantaneous
frequency. A general discussion about the generation of binary masks will follow. Finally,
experimental results will be presented that compare our proposed algorithm with several
others, including baseline Mel-Frequency Cepstral Coefficients (MFCC), a multi-pitch tracking
algorithm and an instantaneous-amplitude-based algorithm.

5.1 Grouping Schemes

As mentioned above, there are two major stages in speech separation, segregation and
regrouping. Chapters 3 and 4 include a detailed discussion of how to use instantaneous-
frequency-based cross-channel correlation to achieve segregation. In real experiments, this
stage simply makes a decision about how many frequency channels are believed to have the
same harmonic structure in each processed frame.

Nevertheless, this is not the end of the story. In order to reconstruct the entire utterance,
we usually must determine whether the clustered frequency channels from the first stage
in each individual frame are from the target speaker or from a competing speaker. This
challenge introduces the second important stage in speech separation, regrouping.

In general, the evaluation of systems that separate two speakers is typically divided into
two categories: the same-gender and different-gender cases. In this chapter we will describe
two different schemes that address this problem, which are based on pitch detection for the

different-gender case and speaker identification for the same-gender and the general cases.
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5.1.1 Pitch Detection for Dominant Speakers for the Different-Gender Case

Pitch detection for grouping of speakers can be used for the different-gender case only,
when it is known a priori that the target and masking speakers are of the opposite gender.
The speech of speakers of different genders have fundamental frequencies that seldom overlap
and that frequently are quite far from one another. The harmonic structures from the target
speaker and interfering speaker are not very likely to overlap as well.

When the SNR is greater than zero, even though the interfering speaker might be the
dominant speaker in some frames, the majority of the frames are likely to represent the
pitch contour of the target speaker. After a simple pitch estimation, it is relatively easy
to determine the pitch range of the target speaker, as a single pitch contour most likely
represents the pitch from the dominant speaker from each individual frame. If the majority
of the pitch contours is below approximately 160 Hz, there is a high chance that the dominant
speaker of the entire utterance is a male speaker. Based on similar logic, a female dominant
speaker is easy to detect if the majority of the pitch frames is above 160 Hz.

After applying the instantaneous-frequency-based cross-channel correlation for each individual
frame, all frequency channels are classified into two groups, one associated with the dominant
speaker and the other with the interfering speaker. Frames are sorted according to whether
the dominant speaker is assumed to be the target or interfering speaker based on this pitch
information.

Two comments are worth noting here. First, the pitch estimation described here is
not the multi-pitch algorithm mentioned in previous chapters that provides separate pitch
contours for the target and interfering speakers. This pitch extraction is nothing more than
a very simple conventional pitch estimator that attempts to determine only the pitch of
the dominant speaker in each frame, which may not be the target speaker. In addition,
the resolution requirement for pitch estimation is very loose, as it is only necessary that

the system be able to discriminate between the target and interfering speaker. The task
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of determining which frequency channel belongs to target and interferor is handled by the
instantaneous-frequency-based cross-channel correlation.

We remind the reader that the pitch-detection approach can work only for the different-gender
scenario, as noted above. On the other hand, the pitch-detection method does not require
any historical data or a prior: information, which is needed for the speaker-identification
method introduced below.

Figure 5-1 is a block diagram of a speech separation system that uses pitch detection to
regroup cluster frequency components from each individual frame to reconstruct the speech.
In the diagram, the simultaneous speech is first processed by two parallel processes. The
upper panel implements the STFT, performs instantaneous frequency estimation, cross-channel
correlation algorithm to cluster frequency components believed to be from the dominant
speaker. In the lower panel, pitch estimation is performed in the time domain to obtain a
rough estimate of whether the current processed frame is from the target or the interfering
speaker. If a processed frame is believed from the target speaker, the clustered frequency
components from that frame are selected to contribute to the final output speech. If a frame
is from the interfering speaker, on the other hand, the frequency channels associated with it
are suppressed instead.

5.1.2 Speaker Identification for the Same-Gender Case

Speaker identification is widely used as another way to detect the dominant speaker and
use that information to accomplish further regrouping. The key idea here is each speaker has
his or her own characteristics that can be identified using conventional speaker identification
(SID) technology. These results are used as the basis to identify the dominant speakers
associated with each input frame, assuming that the speakers to be separated are one of a
number contained in the training data.

In a typical SID system, there is a certain amount of training data provided for each

speaker. MFCC coefficients are typically used as the features and Gaussian mixture model
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Figure 5-1. Block diagram of a system that uses pitch detection to determine the dominant
speaker.

(GMMs) are used to characterize each speaker. A the parameter set A that characterizes

each speaker consists of p, i and >:

)\:{pl,ﬂ;,E,},z:l,Q,,M (51)

where p is the a prioi probability of each Gaussian mixture, ji is the MFCC mean vector, ¥ is
the covariance for each Gaussian component and M is the number of Gaussian components
used. These three parameters can be estimated by maximum likelihood estimation [38].

The probablity density for each component is a multi-variate Gaussian:

b (#) = s Eeer{= 5 — )T - ) (52)

The final Gaussian mixture density is easily obtained according to the equation:

p(E|A) = Zpibi(f) (5.3)

Using the formulation above, the SID system calculates a posteriori probability for each

speaker according to the equation:
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. grbi(Z)
p(k|T, ) = ==
Zszl 91bi(Z)

If there is a total K speakers and the priori for each speaker is g, the dominant speaker is

(5.4)

dominant is determined to be the speaker with vector or observation sequence which contains
the largest p(k|Z, A).

For simultaneously-presented speech, the dominant speaker is identified on a frame-by-frame
basis, and either of the methods described in the previous chapter is used to determine which
frequency bins in that frame belong to that speaker, as in the previous section.

While this method can be used for both same-gender and different-gender scenarios, it
does require a priori information for each speaker. It will not work properly for speakers
that are not known previously to the system.

Figure 5-2 is a block diagram of a system that use speakers identification to identify
the dominant speaker and further regroup speech stream. The only difference between this
figure and Figure 5-1 is the bottom branch, in which the identity of the dominant speaker
for the current frame is determined based on previously-compiled statistical information.

5.2 Mask Generation

In Section 4, we discussed how to obtain a binary mask based on the spectrogram for
every utterance processed. The general idea is to use cross-channel correlation classification
based on instantaneous frequency to select frequency channels that are highly correlated with
the same harmonic structure. While constructing the binary mask, those time-frequency
cells that are believed to belong to the same harmonic structure as the dominant speaker
are assigned a value of 1. All other cells are assigned a value of 0. The target speech is
reconstructed using only those cells with a value of 1 are used, while the other cells with a
mask value of 0 are suppressed.

In order to utilize the advantages of the short-time Fourier transform to track the
changes in instantaneous frequency, while still analyzing features over a longer time period

for separation purposes, each utterance is divided into multiple frames of duration 75 ms.
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Figure 5-2. Block diagram of a speech separation system that uses speaker identification to
determine the dominant speaker.

Each of these frames are overlapped by 25 or 50 percent of the frame length, depending on
the application. The cross-channel correlation classification is applied within each frame to
generate the binary mask.

One issue with this procedure is that multiple computations of the binary mask in each
frame are obtained because of the overlap of analysis frames. This is addressed by averaging
the values of the binary mask for a given frame over all of the analysis frames that include

that frame. The components of this averaged mask are then compared to a pre-determined

threshold:
1 L
M kY= ———— E M(n, k .
1(71, ) ny —ng + 1 (n7 ) (5 5)
n=ng
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1, if Mi(n,k) > thresh,
My(n, k) = (5.6)

0, otherwise
where M (n, k) is the original binary mask, n and k are the frame and frequency bin index,
respectively. Alternatively, in many applications the averaged M;(n,k) can also be used
directly and conversion into the binary mask Ms(n, k) is not necessary.

5.3 Experimental Procedures and Databases

5.3.1 Sphinx-I1I Recognition Platform

We use the Sphinx open-source automatic speech recognizer developed at Carnegie Mellon
University, one of the first systems to demonstrate speaker-independent, large vocabulary
continuous speech recognition (LVCSR). The original Sphinx-I system was developed by
Kai-Fu Lee in 1988, and Sphinx was extended by many individuals in later versions. Current
versions of Sphinx are implemented in C and in Java, and there is also a version of the code
that is optimized for embedded systems with a small footprint.

We make use of Sphinx-III in our work as it provides flexibility in modeling and feature
development for speech recognition. As in the case of most other large vocabulary continuous
speech recognition (LVCSR) systems, Sphinx-IIT is a phoneme-based system, with each
phoneme modeled by an HMM. Word-level HMMs are obtained by concatenating associated
phonemes together using triphone context-dependent acoustic models. HMMs states are
modeled in the usual left-to-right fashion. Due to the large number of model parameters, the
parameters of the Gaussian distribution characterizing each state can be shared by different
states. In addition, states can be pruned or combined to reduce the number of parameters.
Figure 5-3 [31] is a block diagram of the Sphinx-III recognition system.

5.3.2 The Resource Management and Grid Corpora

Two standard speech corpora were used to evaluate the various source separation algorithms
considered: the Grid database which had been used in the Speech Separation Challenge of
2006 [11, 12] and the familiar DARPA Resource Management (RM) database [35]. The Grid
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Figure 5-3. A block diagram of the Sphinx-III speech recognition system.

database is a large multitalker audiovisual sentence corpus to support behavioral studies
in speech perception. In brief, the corpus consists of high-quality audio and video (facial)
recordings of 1000 sentences spoken by each of 34 talkers (18 male, 16 female). All speech
files are single-channel “wav” data sampled at 25 kHz and all material is endpointed. The
corpus, together with transcriptions, is freely available for research use [11]. The Grid

training corpus includes 34 speakers, each providing 500 clean utterances, for a total of



17,000 clean training utterances. The testing utterances are degraded at various SNRs, and
each condition contains 600 sentences. All utterances in the Grid database have a fixed
format as specified in Table 5-1. Specifically, each sentence contains six words, starting with
a command, following by a color, a preposition, a letter, a number and finally an adverb.
The database contains 4 command words, 4 colors, 4 prepositions, 25 letters, 10 numbers,
and 4 adverbs [13]. For example, a typical sentence could be “Bin white at D 1 again”. We
used only the speech with an SNR of +6 dB in the present work.

The DARPA Resource Management Continuous Speech Corpora (RM) [35] consists of
digitized and transcribed speech for use in designing and evaluating continuous speech
recognition systems. All RM material consists of read sentences modeled after a Naval
resource management task. The complete corpus contains over 25,000 utterances from
more than 160 speakers representing a variety of American dialects. The material was
recorded at 16 kHz, with 16-bit resolution, using a Sennheiser HMD-414 headset microphone.
Speaker-Independent training and testing data are used for this dissertation. This part of
the DARPA RM database consists of 1600 training utterances and 600 testing utterances.

The vocabulary size of RM database is nominally 1000 words and was purposefully made to

be phonetically balanced.

VERB | COLOR | PREPOSITION | LETTER | DIGIT | ADVERB
bin blue at A7 1-9 again
lay | green by (no ‘W’) | and zero now

place red on please
set white with soon

Table 5-1. Structure of the sentences in the Grid database.

The evaluation methods used for the two corpora are quite different. As noted above,
sentences in the Grid database all consist of a verb followed by a color, a preposition, a
letter, a digit, and an adverb in precisely that sequence. The task is to recognize the digit
and letter in the sentence which contains the color “white”. The only errors tabulated are
substitutions for the digits and letters in the speech data due to their fixed positions. The

task remains a difficult one, as digits and letters are frequently confused even by human
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listeners when competing speakers are present. We used the scoring tool prepared by the
University of Sheffield to score recognition results for the Grid database. As discussed in the
previous section, speaker identification is used to regroup speech streams in the same-gender
and general cases. In contrast, the task in Resource Management database is simply to
recognize each testing sentence and the word error rate (WER) is tabulated. The WER is
by definition the number of substitution, insertion, and deletion errors divided by the total
number of words presented. Pitch detection is generally used to group the components of
the final reconstructed speech stream.
5.4 Experimental Results and Discussion

This section describes various experimental results obtained for the algorithms described
above using data from the RM and Grid databases.

In Chapter 4, we argued that the graph-cut approach is a good way to cluster the
frequency components that are obtained from clustering information from the correlation
matrix. Figure 5-4 below demonstrates that the graph-cut method is more effective in
extracting correlation information than the 1-D projection method, and thus results in better
recognition accuracy. These results were obtained using the RM database. We used the NIST
tool sc_stats to test statistical significance between different algorithms. The differences
between the two methods are all statistically significant at the level of p < .05 except for the
clean case. The system shown in Figure 5-1 was used to extract features and reconstruct
speech. The results are tested on the RM database for the different gender-case.

We also compared the performance of the cross-channel correlation algorithm based on
instantaneous frequency that was developed in this thesis to other well known approaches.
Figure 5-1 compares results using our approach to similar results obtained using baseline
Mel-Frequency Cepstral Coefficients (MFCC), the multi-pitch tracking algorithm developed
by de Cheveigné, and an algorithm based on instantaneous amplitude estimation.

The fundamental idea of the multi-pitch tracking algorithm is to estimate different

fundamental frequencies one by one. The fundamental frequency from the dominant speaker
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Figure 5-4. Experimental results using the RM database that compare the performance of
the graph-cut and 1-D projection methods. The two speakers in these
experiments were of different genders and presented at an SNR of 46 dB.

is estimated first. All harmonics related to this fundamental frequency will be removed
used a comb filter. A second pitch estimate will then be obtained on the basis of the new
signal after the first fundamental frequency is removed. Ideally, this procedure can continue
without any constraint on the number of speakers. Nevertheless, in real cases, the algorithm
becomes more and more difficult to implement with an increasing number of speakers.

The instantaneous amplitude algorithm exploits a common method to calculate instantaneous

amplitude. We begin with the short-time Fourier transform (STFT):

o0
—j2mmk

X|[n, k] = Z x[m|wn —mle” v (5.7)

m=—0Q

where z[n] is the time-domain speech signal, w[n] is the window function, n is the frame

index along the time axis, k is the frequency index and N is the total of frequency channels.
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The square of the instantaneous amplitude is typically obtained from the sum of the

squares of the real and imaginary parts of X|n, kl:
Eln, k] = (RX[n, k)2 + (SX[n, K])? (5.5)

where R(X|[n, k]) is the real part of X[n, k] and I(X|[n, k]) is the imaginary part of X|[n, k].

Figure 5-5 compares the recognition accuracy obtained with the four procedures and
demonstrates that the instantaneous-frequency-based algorithm provides the best performance
of the four algorithms considered. Since the RM database tested here is for the different-gender
case, the regrouping scheme used here is based on pitch detection, as described in Figure
5-1.

While the multi-pitch tracking algorithm is helpful in our experiment, it does not provide
a large improvement in performance. The reasons is that the final extraction and suppression
of harmonic structure is highly dependent on the accuracy of pitch estimation. Any error
made in pitch estimation will adversely affect the final results. In fact estimating simultaneous
pitches of multiple signals is very challenging in and of itself.

Besides the instantaneous-frequency-based method, the instantaneous amplitude-based
method also shows good improvement. In contrast to the instantaneous-frequency-based
method, the change of instantaneous-amplitude movement is not very selective, which results
some frequency channels becoming mistakenly accepted due to false high correlation values.
In addition to that, “coherent demodulation” is also very important for the instantaneous-amplitude-based
method. Knowing exactly the carrier frequency of the test signal will greatly increase the
accuracy of “coherent demodulation”. However, this is also a challenging topic by itself.

Compared to the multi-pitch and instantaneous-amplitude-based algorithms, our instantaneous-frequenc
algorithm does not require that the instantaneous frequency be estimated with high accuracy.
Even with interfering components present, the cross-channel correlation is still able to pick

up those frequency channels that are less affected by the interference. All these factors
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enable the instantaneous-frequency-based algorithm to be more

robust to the presence of

interference.
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Figure 5-5. Performance comparison among instantaneous frequency, baseline MFCC,
pitch tracking algorithm and instantaneous-amplitude-based algorithm
obtained from the RM database.

Figure 5-5 compares the performance of the same four algorithms discussed above using

the Grid database with an SNR of +6 dB. The figure shows accuracy (which is 100 percent

minus the WER) rather than WER as the evaluation criterion. As in the case of the

results in Figure 5-5, the instantaneous-frequency-based algorithm again proides the best

performance. Because there was sufficient training data in the Grid database, the speaker

identification regrouping scheme based on speaker identification was used. Although the

performance for the same-gender case is worse than the different-gender case (as expected),

the instantaneous-frequency-based algorithm still provides better performance than the other

three algorithms at a level that is statistically significant.
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Figure 5-6. Comparison of performance of the instantaneous frequency, baseline MFCC,
pitch tracking, and instantaneous-amplitude-based algorithm using data from
the Grid database.

One advantage of using the instantaneous-frequency-based cross-channel correlation algorithm
to separate speech is that it has the ability to filter out the parts of the harmonic structure
from the target speech that are affected by the interfering speaker. For example, if the
fundamental frequency of the target speaker is 150 Hz while the interfering speaker has a
fundamental frequency of 200 Hz, the fourth harmonic of the target speaker is identical
to the third harmonic of the interfering speaker, 600 Hz. In this case the instantaneous
frequency estimated at 600 Hz would be severely affected by the interfering speaker, the
instantaneous frequency estimated from this channel is unlikely to have a high correlation
with other components of the target speaker that are less affected by the components of the

interfering speaker. Thus this channel would be excluded from the final reconstruction.
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Figure 5-7 shows the results of an experiment that was designed to illustrate this point
on RM database. First, we estimated the fundamental frequency and all related harmonics
for clean speech from a given speaker. Next we added interfering speech at various SNRs.
The target speech was reconstructed in two ways using the instantaneous-frequency-based
method: using a mask derived from the clean speech, which presumably contains all components
of the signal, and using a mask that was obtained automatically from the noisy speech,
which presumably excludes the components that were adversely affected by the presence of
the masker. The results in Figure 5-7 clearly show that the reconstructed speech obtained
from harmonics estimated from clean speech leads to worse recognition accuracy because
of the inclusion of frequency channels that are degraded by the presence of the masker. In
contrast, reconstructed speech from harmonics obtained directly from noisy speech yields
substantially better WER.

5.5 A Sieve Function for Selecting Relevant Frequency Components from
Partial Harmonic Structure

In previous chapters, frequency components believed to be from the same source were
identified and grouped together based on the proposed temporal features of instantaneous
frequency and the classification method used was that of cross-channel correlation. However,
due to the presence of competing speech, there are inevitable estimation errors from both
the procedure of estimating instantaneous frequency and of using the graph-cut algorithm to
group similar frequency components. These estimation errors adversely impact on the final
harmonic structure used to reconstruct speech, which eventually will limit the improvement
of the final WER.

5.5.1 Harmonic Pattern Recognition

In this section, a sieve function scheme is proposed to compensate for this problem
[44, 45]. This approach is based on the assumption that the components to be included are
all harmonically related to one another. A harmonic “sieve” is applied with a fundamental

frequency that is chosen to maximize the value of an objective cost function based on the
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Figure 5-7. Comparison of WER obtained using a reconstruction of masked speech using
all components of the dominant speaker (“clean mask”) with a similar
reconstruction using only those components that are identified as undistorted
by the instantaneous-frequency-based method (“real mask”).

input spectrum that is described below. Once the fundamental frequency is chosen in this
fashion, the new estimated fundamental frequency and its associated harmonic structure
will be used to further filter out those “noisy” frequency channels mistakenly selected in the
original frequency-selection procedure used.

Assume that there is a superset F' containing a set of fundamental frequencies f ranging
from 80 Hz to 350 Hz. This frequency range includes most of the reasonable fundamental
frequencies without regard to gender or age. Within this range we define a set of potential
fundamental frequencies f that each have their own harmonic structure. These frequencies

f are generally linearly spaced in F', although they do not need to be.
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Given a specific fundamental frequency of f, all harmonic members related to this
fundamental frequency can be represented as f = [fi £ 0,2f1 £ 0,--- ,nf; £ o], where
n is the total number of elements in the harmonic structure, ¢ is a small tolerance range
around each harmonic in the set.

It is easy to see that the superset of F' is fixed given a fixed number of fundamental
frequencies f and small tolerance o. If the fundamental frequency is time varying, the
superset F'is a function of f.

In this and the previous chapters we discussed a system that attempts to extract the
important harmonic components of masked speech based on cross-channel correlation and
graph-cut grouping. We refer to the harmonic structure estimated by the system described
in this and the previous chapter as .S, and this structure is estimated for real simultaneously
presented speech. The set S can be given as S = [s1,82, -+, Sn|, where m is the total
number of elements in the set S. It is worthwhile to point out that the length of each subset
f inside F'is not necessarily the same as the length of set S.

The harmonic pattern recognition goal is to compare each set of f belonging to the
superset of F' with the estimated harmonic structure set S. The final selection of f values
that are assumed to be relevant is based on a pre-designed objective cost function to select
the final winner f in the set of F' based on the maximum or minimum in order to determine
the final fundamental frequency.

5.5.2 The Harmonic Sieve

In the previous section, the basic idea of harmonic pattern recognition was discussed.
In this section details about the harmonic sieve will be provided in order to complete the
picture of how to filter out harmonic outliers.

Returning to the set F' and S given above, set I’ is nothing but a superset dependent on
each different fundamental frequency and its corresponding mesh. Every set of fundamental
frequency and its mesh comprises one harmonic sieve. Let us consider a set of F' harmonic

sieves, in which the f sieve (f =0,1,2,..., F — 1) has a fundamental frequency S[y] and
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L meshes at harmonic frequencies fly,h] = hS[y], h = 1,2,..., L, where h is the number
of harmonics. The range of S[y] should be able to cover a reasonable range that contains
most of the possible fundamental frequencies. In this dissertation, we use the range from
80 Hz to 350 Hz. For the meshes introduced above, instead of setting a fixed mesh for each
harmonic frequency, we use a variable mesh, where each harmonic frequency f[y, h] has a
relative bandwidth of 2b. For instance, for a given harmonic f[y, k|, the mesh begins from
the most left of (1 —b)f[y, h] and extends itself to the most right of (1+b)f[y, h]. The value
b is not necessarily a fixed value. In the experiments, we chose the value b from 10 to 15.

Now in reality, we have two different sets of frequencies. One is set F', which contains each
mesh set f[y, h| depending on the specific fundamental frequency y and order of harmonics
h. The other is set S, which is obtained from the cross-channel correlation identification.
Our goal is to use set F' to further smooth set S and remove those outliers contained in
set S. By shifting or changing the values of f[y, h] while fixing the bandwidth b, only a
certain number of elements in set S can remain. The others, which do not fall into any of
the predesigned meshes, will be removed from the set.
5.5.3 Objective Function

An objective function is needed to compare among all possible sieve sets and determine
the final optimal pitch and its harmonics.

The first step is to assign a proper value to a certain mesh if there is at least one value
from set S falling into it. Let’s assume each element in set S is represented as s[i]. The

following equation shows how to label each mesh:

_ h,  if (1=0)f[y, h] < zli] < (1+0b)f[y,h],
rly,i] = (5.9)
0, otherwise
When moving all different harmonic sieves successively to compare with set S, in our

experiments, we can obtain F' sets of harmonic numbers r[y,, i, where n = 0,1,2,..., F — 1.

Finally, we need to obtain an estimator to get the optimal r[y,, i].

74



In order to get the optimal pitch value, we design the error function in the equation below

as follows. By miminizing function 5.10, the pitch value can be automatically achieved.

E= Z —p x rlym,i])? (5.10)
By using maximum likelihood estlmatlon, Equation 5.11 can be obtained.

or 0

a4 )2+ p* x (rlym,i])” — 2p x rlym,i] x i)

[
Mz

(2p x (rlym, 4])* — 2a[i] x rlym,i])

[
WE

=1

I
o

(5.11)

Continuing from Equation 5.11, Equation 5.12 and 5.13 can be used to obtain the final

optimal value p.
N

pY (rlym,i])® = me X rlym, il (5.12)

i=1

- Tyl < rlym.

Zi:l ( [yma Z])

Consider the two examples below concerning the sieve function described above.

(5.13)

e Example 1: Incoming harmonicl [110 220 330 390 550 610 660 880)]
Filtered harmonic [110 220 330 550 660 880]

e Example 2: Incoming harmonic2 [105 215 330 390 540 610 675 880]
Filtered harmonic [110 215 330 540 675 880]

From the examples above, it is easy to see the harmonic sieve method can robustly remove
many outliers while still leaving reasonable tolerance to those elements, which are not exactly
multiple integers of the fundamental frequency but sufficiently close.

Figure 5-8 below shows the experimental results obtained from the RM database before

and after applying the harmonic sieve function. Improvement is observed at high SNRs, but
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recognition accuracy worsens for SNRs below 5 dB. The primary reason for this observation
is that the mask information is needed to perform the sieve operation, and too many outliers
are accepted at lower SNRs, contains too many outliers which deteriorate the final estimation
of the right harmonic structure. Using the maximum likelihood estimation above, the correct

pitch value will be very difficult to estimate.

100 -
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60 -
50 -
40 A
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20 A

WER

M IF before sieve

0dB 5dB 10dB 15dB

SNRs

Figure 5-8. Comparison of WER obtained before and after applying the sieve function.
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CHAPTER 6
INSTANTANEOUS-AMPLITUDE-BASED SEGREGATION FOR UNVOICED
SEGMENTS

The results in the previous chapters have demonstrated that the use of instantaneous
frequency to group correlated frequency components from the same source can improve
speech recognition accuracy, as frequency components from the same speaker in a voiced
segment tends to behave in a similar way with regard to modulation frequency. By applying
the proposed method and testing on different databases, improvement on Word Error Rate
(WER) is obtained. Unfortunately, the use of instantaneous frequency to group similar
frequency components can only be exploited during voiced segments, and it is unclear
how useful this method would be when there is no fundamental frequency present.When
the processed segment is not voiced, the methods discussed previously cannot identify
fundamental frequency and its harmonics.

Fortunately, even though there is no harmonic structure within unvoiced segments, the
envelopes of energy associated with frequency channels that arise from the same source tend
to increase or decrease in a similar fashion. If common energy that is increasing or decreasing
from different frequency channels can be accurately identified, we can easily group these
frequency channels together using the same means we had exploited for changes in frequency
in the previous chapters.

A convenient way to locate common increases or decreases in energy is to take the first
derivative of a given signal with respect to time. Next, a peak detection or valley detection
is conducted to mark an energy burst if a peak is found, or an energy cessation if a valley is
identified. However, the task of locating peaks and valleys itself is a very challenging problem.
A certain number of peaks and valleys are not necessarily corresponding to dramatic energy
change.

For our work on grouping in unvoiced segments we will apply cross-channel correlation
just as we did in Chapter 4, with the only difference being that features used to calculate

cross-channel correlation will be based on the first derivative of their instantaneous amplitudes
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rather than instantaneous frequency. This method can tolerate a certain amount of false
peaks or valleys because these false detections will lower the correlation value only if they
occur simultaneously across different channels, which rarely happens. Hence, we will continue
to use the cross-channel correlation and graph-cut based architecture that had been employed
previously for voiced segments.

The final piece of the system is a module that searches for the boundaries between voiced
and unvoiced segments. When a processed segment or frame is identified as voiced the
instantaneous-frequency-based grouping scheme will be employed, or instantaneous-amplitude-based
features will be used for the unvoiced segments.

The rest of this chapter will be organized as follows: we will begin with a description of
the amplitude-based features. Next, we will discuss the formulation of the voiced/unvoiced
segment detection system. Finally, we will describe and discuss our experimental results
using the amplitude-based features in unvoiced-segments.

6.1 Feature Extraction Based on Instantaneous Amplitude

Figure 6-1 is a block diagram of the system that combines processing of instantaneous
frequency for voiced segments with instantaneous amplitude for unvoiced segments. We note
that V/UV discrimination is invoked after an initial frequency analysis, and the voiced and
unvoiced frames are subsequently processed in parallel. Our focus in this section is on the
processing for the unvoiced frames, as depicted in the lower branch of Fig. 6-1.

Equation 6.1 shows a discrete form of Short-Time Fourier Transform.

o0
—j2mmk

X|[n, k] = Z x[m|wn — mle™~ (6.1)

m=—0o0

where z[n] is the speech time domain signal, w(n] is the window signal, n is the frame
index in the time axis, k is the frequency index in the frequency axis and N is the total
frequency channels in the transform. From Equation 6.1, it is that each time-frequency cell
is deterministic with a given fixed time index and frequency bin index. The energy of each

time frequency cell is determined by the following equation:
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Figure 6-1. Block diagram of system that combines instantaneous frequency and
instantaneous amplitude to separate simultaneously-presented speech.

Eln, k] = (RX[n, k])* + (3X[n, k])? (6.2)

where (X |[n, k]) is the real part of X[n, k] and (X |[n, k]) is the imaginary part of X|n, k.
In our work in unvoiced segments, the instantaneous amplitude E|n, k| is calculated from
each frequency bin after the STFT based on Equation 6.2. Then a first-order difference is

taken to highlight onsets and offsets of energy, as represented in Equation 6.3 below.

Es[n. k] = E[n, k] — E[n — 1,] (6.3)

where k is the index of frequency channels while n is the index of frame in time.
After calculating the first-order difference, the similar cross-channel correlation is calculated
based on the new feature of energy difference based on the following Equations 6.4 and 6.5.

C'(ko, k1)

ko) = e k) Ol o)

(6.4)

where C(ko, k1) is the covariance of the first-order difference between instantaneous amplitude

for indices kg and kq:

79



C(ko, k1) = E[(Es[n, ko] — Ealn, ko])(Ealn, k1] — Ealn, k1] (6.5)

Following the cross-channel correlation, the graph-cut algorithm described in Chapter 4
can be directly utilized here to extract correlated information from the correlation matrix.

The entire system design is illustrated in Figure 6-1 above. To summarize, after applying
voiced and unvoiced detection, the previously-developed structure of calculation of the
cross-channel correlation and segregation using graph-cut analysis is used for both instantaneous
frequency feature or instantaneous amplitude feature. Following these steps, harmonic
selection is conducted for voiced segments based on frequency and for unvoiced segments
based on energy change detection. Finally, the frequency components that are grouped are
assigned to the target or interfering speaker based on the results of the speaker identification
analysis.

6.2 Detection of Boundaries Between Voiced and Unvoiced Segments

The goal of detecting unvoiced segments and processing them in a different fashion is
ultimately to improve recognition accuracy in those unvoiced segments by using instantaneous
amplitude instead of instantaneous frequency. If some unvoiced segments are occasionally
mis-identified as voiced segments, performance will not be greatly degraded, as previously all
segments were processed as if they were voiced. In contrast, the mis-identification of a voiced
frame as an unvoiced frame would be worse because the amplitude-based information is not
as reliable as the frequency-based information. For these reasons, our goal is to develop an
algorithm which can generate good accuracy and a minimum number of mis-identifications
of voiced segments as unvoiced segments. For this reason the classifier will be somewhat
biased to favor classification of ambiguous segments as voiced.

Figure 6-2 is a block diagram that describes the implementation of the voiced-unvoiced
segregation for this work. While the features and the ways in which they are combined are

somewhat ad hoc we will argue that they are effective for the present task. After windowing
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Figure 6-2. Block diagram of the system that detects boundaries between voiced and
unvoiced segments.

the speech signal, a preliminary assessment of voicing is made based on analysis by the
Teager Energy Operator (TEO), short-time energy, and the autocorrelation function of the
short-time input. Frames are determined in a preliminary fashion to be unvoiced if the
TEO output is high, the energy is low, or the autocorrelation is low. The number of
putative unvoiced frames is reduced in a second assessment using zero crossings (ZCR),
energy thresholding, and a comparison of the relative energy in high and low frequencies
(“frequency ratio”). As we noted above, the disadvantage of claiming voiced as unvoiced is
more severe than the other way around. Therefore, we only mark those frames both whose
ZCR and frequency ratio are above certain thresholds in order to reduce the chance that
voiced segments are classified as unvoiced.

We briefly summarize these features below.
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6.2.1 The Teager Energy Operator

The Teager energy operator (TEO) is mainly used to compute the energy from a signal
in a nonlinear manner. The TEO not only measures the energy itself, but also the frequency
components the signal carries. This method has been proposed and used in various applications
22, 23, 29] to track the rough frequency changes from the signal. The TEO can be calculated

in discrete time as

Tn] = x[n]?> — x[n + 1)z[n — 1] (6.6)

To illustrate the usage of the TEO, we design a signal which contains a pure sinusoid
tone with frequency at 200 Hz from 0 to 1 s and another pure sinusoid with frequency at
1000 Hz from 1 to 2 s. The amplitude remains the same during the entire duration. Figure
6-3 shows that Teager energy can accurately identify where frequency starts to change, while
a conventional energy operator fails to do the same job.

6.2.2 Autocorrelation

Autocorrelation is widely used in pitch-detection applications because the time lag representing
the first major peak away from zero is at the reciprocal of the fundamental frequency.
The height of that peak is a measure of the extent to which a signal is periodic. While
voiced speech segments are not perfectly periodic, the autocorrelation value at this peak is
usually much higher for voiced segments than for unvoiced segments. In this dissertation,
the normalized autocorrelation is calculated for each frame. Only for those frames whose
autocorrelation value of the peak is higher than a pre-determined threshold and for which
that peak lies between 80 Hz to 350 Hz, will be considered to be voiced, and the others will
be considered to be unvoiced. Figure 6.2.2 shows sample normalized autocorrelation pattern
for voiced and unvoiced segments. It clearly shows that the autocorrelation pattern from
the voiced segment look quasi-periodic and that they have high values at the first peak. In
contrast, unvoiced segment contains very low autocorrelation values and the autocorrelation

function looks more like a delta function.
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Figure 6-3. A comparison between Teager energy and conventional energy operator. In this
case, the frequency is 200 Hz for the 1 s and changes to 1000 hz in the duration
from 1 s to 2s, while the amplitude keeps the same.

6.2.3 Energy Detection

Besides the TEO and autocorrelation features mentioned above, a conventional energy
operator is also applied in a frame-based manner. To search for unvoiced segments, we
look for those frames containing either a high TEO value, low autocorrelation, or low frame
energy. All other frames will be labeled as voiced segments in this stage. The final unvoiced
segments will be a subset of the segments labeled as unvoiced after this screen process.
6.2.4 Zero Crossing Rate (ZCR)

The zero-crossing rate (ZCR) has been known for decades to be a robust feature with
very low computation load. The ZCR is mainly obtained in the time domain according to

the equation
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Figure 6-4. Autocorrelation comparison between voiced and unvoiced segments.

2

1S [sgn(afn)) — sgn(an + 1))
ZCR =~ ; (6.7)

where z[n] is the speech sample in the time domain, N is the total number of speech samples
in a given frame, and sgn is the signum function. As seen in Figure 6.2.4, the ZCR tends to
have a higher valued during unvoiced segments, although there is a lot of overlap between

the distributions.
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Figure 6-5. ZCR histogram comparison between unvoiced and voiced segments

6.2.5 Ratio of Energy in High and Low Frequency Bands

Besides the ZCR, we also consider at this stage the ratio of the energy from high-frequency
channels and from low frequency channels, calculated as in Equation 6.8. We use the
threshold frequency of 4 kHz, half the Nyquist frequency, to distinguish between what are

considered to be the high and low-frequency regions for the purpose of this feature.

Zf:%ﬂ Eln, k]

= (6.8)
> k1’ Eln, k]

Ratiol(n) =
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Figure 6.2.5 depicts histograms of the ratio-of-energy feature for typical voiced and
unvoiced segments. We note that there is a clear separation of the densities. We typically
use an amplitude threshold of that selects only 20 percent of the bins in the time-frequency
display and discards the other.

Due to the high selective of the feature of high frequency energy derived from energy
filtering, it can be considered as a robust feature to classify voiced and unvoiced segments.
One good way to verify it is to observe the extent that histograms or distributions from
voiced and unvoiced categories overlap. Figure 6.2.5 demonstrates the histograms’ overlap
is very limited.

6.3 Experimental Results using Instantaneous Amplitude-based Segregation

In this section we briefly describe two sets of experimental results. The first concerns
the accuracy of classifying the voiced and unvoiced segments using the system shown in Fig.
6-2. The second concerns the improvement in WER that is provided through the use of

amplitude-based features, using the entire system depicted in Fig. 6-1.

6.3.1 Evaluation of V/UV Decisions

UV/(TESTED) | V(TESTED)

UV (TRUTH) 81% 19%

V(TRUTH) 17% 83%

Table 6-1. Confusion matrix of voiced and unvoiced detection using pitch detection
developed by de Cheveigné.

Table 6-1 is obtained by running the pitch detection algorithm introduced in Chapter 5
developed by de Cheveigné [14, 15]. Those frames with reasonable pitch values are classified
as voiced while all others are identified as unvoiced. Table 6-2 shows the results by using our
algorithm introduced in this chapter. It is easily to see that the error rate of mis-identifying
voiced segments as unvoiced segments has been significantly reduced, while the accuracy of

identifying unvoiced segment remains similar with the method of de Cheveigné.
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Figure 6-6.
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6.3.2 Evaluation of WER Using Amplitude-Based Features

Figure 6-7 shows a comparison for the system described in this thesis with and without the
formal classification of segments as voiced or unvoiced, followed by the use of amplitude-based
features for the unvoiced segments. The relative improvement for both the same-gender and

the different-gender group is about 7-8% relatively, and these improvements are statistically

significant.

From the results shown, it is clear that the use of instantaneous-amplitude-based
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UV(TESTED) | V(TESTED)
UV(TRUTH) 83% 17%
V(TRUTH) 9% 91%
Table 6-2. Confusion matrix of voiced and unvoiced detection using features developed in
this thesis.

features for unvoiced segments does improve speech recognition accuracy in unvoiced segments
where harmonic structures are not available to apply the instantaneous-frequency-based
features. This observation combined with our results from provides evidence that although
the speech signal may be modulated by amplitude and frequency simultaneously, it is
reasonable to believe that the speech itself is more affected by frequency modulation when
each harmonic is separately resolved in its own analysis channel. The most useful potential
cue for grouping of unvoiced segments is amplitude if amplitude modulation is present in

the signal.
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Figure 6-7. Recognition accuracy comparison between methods using voiced and unvoiced
detection and without it on Grid database.
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CHAPTER 7
SUMMARY AND CONCLUSIONS

In this dissertation, we have discussed an algorithm for instantaneous-frequency-based
cross-channel correlation to deal with the very challenging task of speech separation when
only one microphone is available.

Various instantaneous frequency estimation methods are covered in situations where the
clean speech signal is not available and is mixed with an interfering speaker. Following
the discussion about the estimation of instantaneous frequency, a discussion of how to use
cross-channel correlation to select frequency channels from the same harmonic structure is
presented, where simple averaging and the graph-cut method are discussed. In order to
improve the separation results, the use of amplitude-based features is considered for the
unvoiced segments, based on a detection of the voiced-unvoiced boundaries. Finally, the use
of a sieve function and other techniques are also introduced to maximize the final performance
of the separation system.

7.1 Major Findings and Contributions

The primary contribution of this dissertation is the development of a speech separation
algorithm that uses instantaneous-frequency-based temporal features to reconstruct a desired
speech signal that is presented in the presence of an interfering signal. THe system is based

on the CASA architecture. A detailed list of all contributions are given below.

e Introduction of a new approach to separate simultaneous speech using instantaneous
frequency.

e  Use of pair-wise correlation based on estimated instantaneous frequency to find harmonic
structures and efficiently segregate frequency components.

e se of the mean square difference, harmonic sieve and other methods as complementary
tools to improve the noisy information contained in the correlation patterns.

e  Utilization of graph cuts as an optimal solution to extract information from the pair-wise
correlation results.

e Attainment of better performance in terms of WER by implementing a bottom-up
instantaneous-frequency-based system.
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7.2 Directions of Possible Future Research

Even with the performance improvements presented in this dissertation, single channel
speech separation solutions are still far from perfect. Using instantaneous-frequency-based
methods, there are several issues that could be improved in future research.
7.2.1 Combine long term and short term cross-channel correlation

Accurately estimating instantaneous frequency in noisy environments is remains challenging,
and certainly more work in this area is possible. One possible approach would be to
combine correlation estimates spanning very long durations with the present short-duration
correlations. Long-duration correlations (e.g. across the entire utterance) could be used
to identify several frequency channels which are highly correlated with each other globally.
This information can give the system a rough idea how to limit the detailed local search
to certain frequency regions, where short duration correlation would be applied to further
refine the final correlation results.
7.2.2 Combine instantaneous frequency and amplitude

While instantaneous frequency is shown in this study to be useful for speech separation,
other work in the literature has demonstrated the possibility of using instantaneous amplitude
as another important cue. Omne possible solution is first to estimate the instantaneous
amplitude and frequency as two independent features for each time-frequency cell and later
combine these two features in the feature space to construct a two-dimensional distribution
given certain amount of training data. With the known SNRs for the training data, a
proper model have two distributions for reliable and unreliable time-frequency cells can be
constructed. Finally, in evaluating simultaneous speech, the a posteriori probabilities can
be computed to determine the extent to which a processed cell is reliable.
7.2.3 Introduce image processing algorithms for mask generation

Generating an accurate binary mask for unvoiced segments can greatly boost the final
performance. In contrast to voiced segments, unvoiced segments lack of a clean and regular

harmonic structure. In order to segregate time-frequency cells into proper regions, image

90



processing algorithms can be imported here, especially for some image erosion, fill, and edge
detection algorithms. By using the eroding algorithms, many noisy time-frequency cells can
be ignored and integrated into the final process without too much distraction. Fill and
edge detection algorithms can also efficiently define where each time-frequency cell will be
assigned for the purpose of regrouping procedure.
7.3 Summary and Conclusions
In this dissertation, a new single-channel speech-separation approach based on instantaneous

frequency detection and cross-channel correlation is presented and evaluated. Using two
different databases, we demonstrated that separation using instantaneous frequency provides
better recognition accuracy than separation based on fundamental frequency alone, separation

based on instantaneous amplitude information, and baseline processing using MFCC features.
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