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Recently, deep neural networks have achieved incredible success in the area of
computer vision and natural language processing. The research topics under the
umbrella of speech enhancement have embraced this chance to revolutionize.
Dereverberation as one such topics has gained less popularity compared to other tasks
of speech enhancement such as cocktail party problem, speech enhancement in open
area. Our aim is to extend method of deep learning into the domain of
dereverberation.
We leverage a successful neural network method on a similar task of speech
enhancement to dereverberation, specifically, time frequency mask supported GEV
beamformer. This data driven approach introduces feature transferrable to related
tasks compared to hand-engineered methods. Our experiments illustrate that the
original framework arise from open area enhancement tasks is proved to be effective

in our closure space tasks.
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Chapter 1: Introduction

1.1 Introduction

The technique of dereverberation is controversial [1]: on one hand, human ears are
capable of making use of reverberation, perceiving space and direction from echoed
copies of direct sound waves; on the other hand, reverberation has made it difficult
for sound to be perceived by computers and machines, hurting the performance of
carefully designed speech recognition algorithms and causing trouble for hearing-aid
devices to be of help to hearing loss people. In a way, the value of dereverberation
should be judged based on the specific application in concern, and in areas where it is
suitable, it has proved to be an indispensable part of modern automatic speech
recognition system, hearing-aid devices and so on. Before the advent of deep
learning, state-of-the-art dereverberation algorithms are, essentially hand-designed by
researchers. The model-based statistical algorithms require much effort and domain
knowledge to start with. On the contrary, deep learning takes a data-driven approach,
assumes the least about underlying model and learns a model directly from data. The
availability of data and computational power has made this paradigm come to live. In
a wide range of areas, this paradigm has achieved success and generated many state-
of-art algorithms [2].

Recently, deep neural network has shown popularity in the wide area of speech
enhancement, demonstrating better performance than their model-based counterparts.
This has led to the invention of deep learning based beamforming [4], denoising [5],

speech separation [3] and speech dereverberation [6, 7, 8]. These algorithms are not
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based directly on a stochastic model but learned from a set of data that is large
enough to train a neural network. One such work that has made an import impact in
this area is time frequency mask estimation using deep neural networks [9, 10, 11].
Important applications of neural network based time frequency mask are speech
denoising and speech separation. This thesis is another important application of
neural network based time frequency mask, i.e. speech dereverberation. This
application has also been studied by a group of researchers, with a different focus as
part of a bigger system of real-time distant automatic speech recognition system [8].
This thesis treats this as an isolated dereverberation module and evaluates it using a

different metric from WER. We now describe the structure of this thesis.

1.2 Structure of This Thesis

Chapter 2 presents earlier works of time frequency mask and important variants along
this line, ending with an introduction of recent development of them using neural
networks. Chapter 3 goes over related background of dereverberation by presenting
important concepts in reverberation and room acoustics. This is followed by an
overview of three major categories of dereverberation algorithms and their
limitations. In the end, recent neural network based approaches are introduced.
Chapter 4 describes the system we considered in depth, with details about the dataset,
reverberation simulation configuration, major components of the system, network
architecture, training scheme, and evaluation metrics. Finally, Chapter 5 gives our

concluding remarks and future works.



Chapter 2: Time Frequency Mask

2.1 Overview

2.1.0 Binary Masks

Time frequency masks work in the spectral domain. A waveform signal is windowed
and taken spectral transform to be represented as time and frequency bins. Its use can
be traced back to a 1983 article where a binary TF mask is used for sound separation
[12, 13]. However, a time frequency mask doesn’t have to be binary.

As an introductory example, a binary mask is shown in Figure 2.1 B. In this example,
a mixture of speech is taken spectrogram [14] as shown Figure 2.1 A. A binary mask
BM(t, f) is to map every time frequency bin to a binary value of 1 or 0. A value of 1
indicates that this bin is dominated by the energy of target speech signal s(t, f) and
the value of 0 indicates that this bin is mostly energy of unwanted source of signal

n(t, f), such as interferer’s speech or noise, and should be removed.

BM(t, f) = {1 if st f) >n(t, f)

0 otherwise

To apply this time frequency mask, a Hadamard product, i.e. entry-wise product is
applied between the spectral representation of the speech mixture and the binary time
frequency mask. The unwanted component in the mixture is removed with the
multiplication by 0. After the product, a synthesis step is applied to the spectral

domain, so that the signal waveform is reconstructed.
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Figure 2.1 An example of spectrogram in A and binary mask of speech in B. Taken

from [14]

2.1.1 Variants of Masks

The idea of time frequency mask has been intensively studied for decades. There are
several important variants from the basic binary mask. To start with, an ideal binary
mask is proposed as a major goal of CASA [12, 15, 16, 17] and has from then on
being used as an important criterion for measuring the performance of a CASA
system. In each time frequency unit of an ideal binary mask IBM(t, f), a value of 1 is
only assigned if and only if the target energy s(t, f) is larger than interference energy
n(t, f) by a predetermined threshold in dB. The intuition is to guarantee that only
bins with a local SNR greater than this threshold will be kept. A typical choice of this
threshold is the LC = 0 dB criterion.

1if s(t,f) >n(t, )+ LC
0 otherwise

IBM(t, f) = {



The ideal binary mask is supported by a fundamental feature of auditory perception,
i.e. the auditory masking phenomenon [12, 18]. This feature states that a louder
source of sound renders a weaker one inaudible within a critical band. In the ideal
binary mask, this corresponds to removing the weaker one from the spectrum when
its energy is smaller than the louder one by a margin of the predetermined threshold.
The binary mask is also supported by evidence from a fundamental feature of speech
signal, which should be differentiated from the masking phenomenon. This feature
states that speech signal has a sparse energy distribution [12, 19]. More specifically,
the overlap between different speech signals is small given that the spectral transform
has a high resolution. In the binary mask, this corresponds to set a time frequency
bin’s value to 1, assuming this bin is approximately exclusively occupied by one of
the sound sources. This assumption is referred to as orthogonality of speech sources.
Another important variant of binary mask is ideal ratio mask [20]. The ideal ratio
mask IRM (¢, f) is closely related to the Wiener gain [12, 20]. The Wiener filter can
be included into the general framework of time frequency mask, if each TF unit of the
mask represents the ratio of target energy s(t, f) to mixture energy z(t, f) =

s(t, f) + n(t, f) within the unit.

s(t. f)
s(t, f) +n(t f)

WienerGain(t, f) = IRM(t,f) =

With the advent of deep neural network based time frequency mask estimation, a
plethora of variants has emerged, including phase sensitive TF mask [21] and
complex ideal ratio mask [7, 11]. They are aimed to remove the limitation of ideal
ratio mask. Specifically, the ideal ratio mask only changed the magnitude of the

spectrum, while the phase remains the same. In contrast, binary mask doesn’t need to
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take care of phase since the 0 value totally removes the inference and 1 value keeps
all energy in that bin. To tackle the phase problem of ideal ratio mask, a group of
researchers have proposed to estimate a phase mask PSM(t, f) jointly with the
magnitude mask as in the phase sensitive TF mask work [21]. In the PSM (¢, f), the

phase difference HtX}’ of speech signal X(t, f) and mixture signal Y (¢, f) is preserved

in the term 00595}/ .

s(t. f)
s(t, ) +n(t, f)

Xy
coso; ¢

PSM(t, f) =j

st f) = XHX

n(t, f) = YHy
And they proposed to estimate a mask in the complex domain as in the complex ideal
ratio mask cIRM(t, f) work [7, 11], so that phase and magnitude are considered

implicitly as a complex number.

X(t f)
Y(t, f)

cIRM(¢, f) =

2.1.2 Estimation of Time Frequency Masks

While the estimation of time frequency mask can be developed monaurally, i.e. when
only single microphone is considered [14], it is out of the scope of this thesis. Instead,
binaural and microphone array based estimation will be briefly introduced in this
section. To start with, the estimation of time frequency mask has been researched for
decades. In early works, the proposed approaches use similar frameworks [12, 22,

23], where features are extracted in each time frequency bin and then clustered in the



feature space. As an example, a group of researchers developed such a system in their
work [22]. In their system, there are two microphones. For each microphone, a
spectrogram is calculated, rendering two time-frequency bin representation of the
signals. From these two spectrums, the feature of phase differences and magnitude
differences are extracted. Specifically, in each time frequency bin, the phase value
from one microphone spectrum is subtracted from phase value from another
microphone. The same procedure is applied to magnitude. The pairs of features are
then clustered using a 2D histogram. Figure 2.2 illustrated that, in the 2D histogram,
there are 6 peaks corresponding to 6 different speech sources. Each peak is then used

to build a binary TF mask for the recovery of that source.
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Figure 2.2 The 2D histogram presented in [22]. « indicates amplitude difference, 6
indicates time difference. The histogram is generated from 6-source mixture. Each

peak corresponds to one source.



A similar work at the same time period is proposed by another group of researchers
[23]. In their work, they extract pairs of phase and magnitude differences in each time
frequency bin. They formulate the estimation of IBM from the extracted feature as a
binary classification problem. As a first step, they estimate the distribution of each
class using a nonparametric density estimation method. And then, the classifier is
built using a Maximum A Posterior (MAP) decision rule.

It is worth noting that, in both systems, the phase and magnitude differences are used
as features. In terms of human hearing system or headphones, these features are
called interaural intensity difference and interaural time difference. Theses features
are widely used in similar system and related tasks, including direction of arrival
estimation and source separation [14]. [llustrations of Interaural Intensity Difference
(IID) and Interaural Time Difference (ITD) are found in Figure 2.3 and Figure 2.4.
These features are inspired by human hearing system localization cues. It is found by
researchers that, changes of spatial configuration trigger systematic changes of
binaural cues. What features are used when the system has more than two
microphones? In some systems, pairwise generalized cross correlation (GCC) are
used among 8 microphones [24]. More spatial features are proposed recently [25], as
compared to end-to-end systems where features are learned by neural networks in a

data driven way.



interaural intensity difference (11D)

Figure 2.3 An illustration of IID. Taken from [50]

interaural time difference (ITD)

Figure 2.4 An illustration of ITD. Taken from [50]

2.2 Neural Time Frequency Mask

While there is a plethora of work developed on the idea of estimating time frequency
mask from neural network, in this thesis, the sections below only introduce the one

we applied to perform dereverberation.



2.2.0 Overview

In contrast to the two approaches of time frequency mask estimation described in the
section 2.1.2, this approach adopts an end-to-end strategy. Specifically, no hand-
crafted feature is extracted in each time frequency bin. Instead, the raw spectrogram
is fed as input to the overall system, leaving the feature to be learnt by neural network
directly.

Another major difference from previous systems is that this system takes a data-
driven strategy. A different category of time frequency estimation approaches takes a
model-based strategy [27, 28, 29, 30, 31, 32]. The detailed introduction of such
approaches is beyond the scope of this thesis. In brief, model-based approaches
employs feature space clustering based on an underlying model of the mixture
distribution. For example, for Fourier transform coefficients of microphone signals,
the underlying model has been proposed to be Watson mixture model. After the
model is selected, an Expectation Maximization (EM) algorithm is employed to fit
data onto the model. The results of [26] are presented in Figure 2.5. The model-based
method recognizes high frequency noise as speech in the right part of subfigure (¢). In
contrast, the data-driven method jointly estimates the mask over all frequencies. As

shown in (b), high frequency noise doesn’t confuse the learned neural network.
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Figure 2.5 Spectrogram of mixture in (a). Mask obtained by deep neural network in

(b). Mask obtained by model-based method in (c). Taken from [26].



Chapter 3: Related Works

3.1 Reverberation and room acoustics

The phenomenon of reverberation has been utilized by human auditory perception of
space [33]. It is also well known that other species, such as bats, also utilizes
reverberation for navigation. Humans utilizes reverberation by perceiving the
difference of sound reaching at two ears. The difference of arrival time and
magnitude has been used to estimate the direction of source, a phenomenon that has
also been used by researchers to develop algorithms for machines to estimate
direction of source as mentioned in chapter two. This spatial processing of sound
perceived at two ears enhances the intelligibility of speech. Similarly, in music audio,
consumers prefer stereo or surround sound reproduction, which creates vivid and
enjoyable music experience. Reverberated music audio is added great realism by
multiple copies of the direct path signal. In both examples, human spatial perception
and stereo music reproduction, the existence of reverberation is beneficial and
desirable. The question of dereverberation arises, “Why do we want to remove
reverberation in the first place?”.

To answer this question, we need to be aware of the situations where reverberation is
a major obstacle for researchers to improve the performance of their algorithms. In
several application contexts, such as automatic speech recognition, speaker
identification, automatic speech-to-text conversion and car interior communication
systems, the existence of reverberation leads to the degradation of performance of

algorithms. In situations where speech signals are obtained from a distance, such as
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Amazon Echo or hearing aids devices for hearing loss community, the removal of

reverberation is critical for improving user’s experience.
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Figure 3.1 Schematic illustration of room reverberation taken from [1]

In Figure 3.1, reverberation is created at the M receiving microphones (only one is
pictured), where talker speaks utterance in an enclosed space, such as a meeting room
or car interior. The source speech s(n) from talker travels towards all directions,
some of which hits surrounding wall, floor or other objects (not shown in the figure)
in the room, resulting in multiple delayed and attenuated copies of the source signal.

The received signal x,,,(n) can be represented as

Xn() = ) ()5 (n = D
i=0
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where h,, ;(n) represents the attenuation caused by reverberation. The purpose of
dereverberation is to find a system that takes x,,,(n) as input and output § which is an
estimate of s(n).

The room impulse response (RIR) characterizes the reverberation phenomenon of a

given room h,,(n) = [hm,o (n), hyp 1 (), ..., hm,Lh_l(n)]T. Usually only first Ly, taps
are considered. Several models of RIR has been intensively studied in the literature.
In this thesis, computer simulated room impulse response is used to create
reverberated speech signal given a clean source speech signal as input. An important
quantification of room impulse response is reverberation time. The reverberation
time, T60 or T30, is the time taken for the reverberation energy to decay by 60 dB or
30 dB compared to its original sound source energy [1]. Surprisingly, the
reverberation time for a room is only determined by the room geometry and
reflectivity of the reflecting surfaces. In contrast, the room impulse response is a
complex function of the location of sender and receiver. Within the same room, room
impulse responses are different given each pair locations of sender and receiver,
while reverberation time stays the same. A greater value of reverberation time
indicates more reverberation and thus more challenging for the dereverberation
algorithm to find a ‘good’ estimate of s(n).

Besides reverberation time, another useful clue to develop dereverberation algorithms
is the difference between early and late reflections. An example of RIR marked with
early and late parts is presented in Figure 3.2. Usually the time at which to separate
early and late reflection is chosen by the researchers’ preference. A commonly used

value is 50 milliseconds. Early reflection features well-defined large magnitude
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impulse response. Early reflection is beneficial to intelligibility of speech but
degrades the quality of recorded speech. In contrast, late reflection features diffuse
and seemly randomly distributed impulse response [1]. Dereverberation algorithms
can choose to treat early and late reverberation differently based on their properties.
Reverberation simulation software also utilizes this difference to render them

separately for faster speed.
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Figure 3.2 An example room impulse response taken from [1]

3.2 Dereverberation algorithms

Dereverberation algorithms fall into three categories, beamforming, speech
enhancement and blind system identification and inversion [1]. A thorough review of
them is beyond the scope of this thesis. In the following paragraphs, a brief

introduction of them is presented.
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Beamforming are fundamental techniques for microphone array signal processing.
Beamforming can be viewed as spatial filtering as compared to its counterpart of
temporal filtering. The most direct and straightforward technique in this category is
delay and sum beamformer [34, 35], where microphone signals x,,’s are delayed, to
compensate for different propagation delay t,,, and then weighted by w,,, and

summed. The output X(n) of a delay and sum beamformer can be represented as

M
() = ) W (= T)

In this way, the target signal is enhanced, and reverberation component are
attenuated. In other words, the microphone array is steered towards the direction of
the direct path signal. The reverberation, which comes from all directions, are
excluded from the aligned direction. The term beamforming comes from “forming a
beam” of sensitivity in the chosen direction. In this way, the limitation of
beamforming based dereverberation emerges. It works best for sources that is
localized and worst for diffuse case. In cases where reverberation enters the look
direction, it can only be partially suppressed.

Speech enhancement approaches covers several techniques. Weighted prediction

error algorithm is a popular method in this category. WPE removes only the late

reverberated speech xéf}te from the reverberation mixture y; .

_ Learly late
Ve =Xep ~ Tt Xey

The main idea of WPE is to estimate the late reverberated part as

§+K-1

late __ E § H
xt,f,m - W‘[,f,m,m'yt—‘[,f,m'
=6 m/
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and then subtract it from the mixture. In the summation, multi-channel inputs are

weighted and summed over time and microphones.

The main assumption of WPE is that xf ?rly follows a zero-mean complex Gaussian

distribution with unknown time-varying variance A .

p(x{$7) = CN(0, A f)

t.f.m

At is estimated in a maximum likelihood way in WPE along with w_ Fmm'

Previous two approaches don’t assume full knowledge of the room impulse response.
A blind system identification approach first estimates the impulse response

h,,,(n) using second order statistics [37]. And then an inverse filter g,,,(n) is applied
to the received signals [38] such that h,,(n)7 g,,(n) = K&(n — 1) where K and 1 are
arbitrary scale and delay. There are several major challenges in this approach. One of
them is caused by the long duration of room impulse response. Usually, room impulse
response contains thousands of coefficients. The accurate estimation of them and the

numerical stability of its reverse system remains a problem.

3.3 Neural network based dereverberation

The application of neural network in the area of speech enhancement has been a hot
topic [3, 5]. Among them, dereverberation has received less attention compared with
other enhancement tasks, such as speech separation where multiple speakers are
present [3], and speech denoising without special concerns of reverberation [5].
Among those dereverberation works, where deep learning comes in varies. A
straightforward formulation is to directly map reverberated speech to anechoic speech
using stacked fully connected layers [6]. A schematic illustration of the architecture

17



of the neural network is shown in Figure 3. 3. Another research line follows the
estimation of time frequency mask using deep neural network and estimates a TF
mask in the complex domain, which can then be applied to the reverberated speech
directly to obtain anechoic speech [7]. Finally, the approach considered in this thesis
uses a combined TF mask and beamforming approach [26]. A thorough treatment is

presented in the next chapter.

5.8000

< 6000

> 4000} |

52000 C lean
'™ speech

)’ '
| Output layer (161 units) |

( Hidden layer 3 (1600 units) ]

l Hidden layer 2 (1600 units) ]

[ Hidden layer 1 (1600 units) |

___Input layer (161x11 units) |
Reverberant
speech

Figure 3.3 A schematic illustration of the architecture of the neural network taken

from [6]
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Chapter 4: Deep neural network for dereverberation

4.1 Dataset

The dataset used by [26] to train the neural network is the CHIME 3 Challenge
dataset [39, 40]. The CHiME 3 Challenge is designed to test speech separation and
recognition tasks for each team. The dataset is derived from the popular Wall Street
Journal corpus. As shown in Figure 4.1 and 4.2, there is only one speaker talking that
is recorded by a 6-channel tablet-based microphone array. Over the whole dataset,
four different types of noises are added either as real data or simulated data. The noise
types are bus, café, pedestrian area and street junction. Since these are mostly open
areas, dereverberation is not a major concern and reported to be most effective in the

bus environment [40].

Figure 4.1 An example data recording scene taken from CHiME 3 website
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Figure 4.2 Tablet and microphone array taken from CHiME 3 website

To test the trained neural network on the task of dereverberation, we also derive the
dataset from CHiME 3 Challenge dataset. However, we used a different microphone
array configuration, which is shown if Figure 4.3 and 4.4. We used a circular
microphone array with 8 microphones instead of 6. The circular array is of radius 50
cm. Note that a smaller size of head size will be considered as future work, aiming to
serve the research topics on head-mounted microphone array. Instead of additive
noise, room impulse response is simulated using a research software [41] for a small
room of size [width, length, height] = [4m, 4m, 2.5m], under three different
reverberation times T60 = {0.3s, 0.6s, 0.9s}. The distance between target and center
of array is 1m. The array is located at the center of the room with a height of 1.7m.
We treat the reverberated speech as a summation of two parts, one is clean speech
convolved with early room impulse response, the other is convolved with late room
impulse response. Since these two parts are additive, we treat the second part

resulting from late room impulse response as the counterpart of noise in the original
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dataset. The aim of dereverberation under this formulation, is to remove this second

part.

Figure 4.3 A schematic illustration of the microphone array (in blue) and target (in

yellow)

Figure 4.4 A schematic illustration of the room

The software used to simulate reverberation is critical in such research topics. The
model of impulse response assumed by the software has direct impact on how the
dereverberation algorithm works. In the software we used [41, 42], the early room
impulse response is calculated using the classical imaging source method [43]. The
idea of this method is to treat reverberation as generated by fake sources obtained by
the mirroring or imaging of the receiving microphone w.r.t the wall. The late room

impulse response, however, can also be calculated this way, requiring a high
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computational cost. As a fast computational approach, the software calculates the late

response as a random distribution that has a logistic PDF.

We generate a 100 of reverberated speech signal using the software for each

reverberation time. The clean speech signal is obtained from Wall Street Journal

corpus that is a subset of the CHiME 3 dataset. In other words, CHiME 3 uses the

same subset of WSJ to generate their own noisy speech data.

4.2 System Description

Y X
Mx I
: = ®xx
Neural > Median o PSD X X .
eam-
s network f
ormer
Median PSD
<

Figure 4.5 System diagram of neural network enhanced beamformer taken from [26].

Parts in grey estimate the noise mask and can be replaced by alternatives. The

alternative method can be found in [26] and is omitted here.

4.2.1 Overview

As mentioned in the previous chapter, the adopted approach is a combination of

beamforming and time frequency mask based dereverberation scheme. The overall

system is shown in Figure 4.5. As a first step, a time frequency mask is estimated
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using neural network. As a second step, this time frequency mask is applied to the
spectrum of microphone array using a Hadamard product. As a third step, PSD of the
spectrum is estimated and then used to calculate the weights of beamformers. As a
final step, beamforming is performed on the microphone array. In this process, the
microphone array is steered toward the direct path signal and early reverberated
signal X. The late reverberated signal N is partially suppressed. In the following

description, X represents target signal and N represents unwanted signal.

4.2.2 Generalized Eigenvector (GEV) beamformer

Let Y(t, f), X(t, ), N(t, f) be the spectrogram of received signals, speech signals and
noise signals respectively.

Y(t,f) =Xt )+ N f)
Dropping the time index for clarity, a beamformer is to find F(f) =
[F(f)1, F(f)2, .., F(f) ] such that the output Z(f) = F(f)?Y(f) is steered towards
the look direction.
The objective function of GEV is to maximize Signal-Noise-Ratio (SNR) at the
receivers for each frequency bin.

FYxxF
FA¢ynF

Fgry = argmaxg
In this objective function, F represents the beamformer weights at given frequency.
Since this formula is the same for each frequency bin, the notation of frequency is
dropped for clarity. The Power Spectral Density (PSD) of clean speech is represented
by dxx = XX and of noise is represented by ¢y = NN In the dereverberation

case, clean speech corresponds to speech convolved with early impulse response, and
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noise corresponds to late reverberation. This object function has a closed formed
solution,
bxxF = ApynF
,where Fggy 1s generalized eigenvector and A is the eigenvalue.
Usually GEV beamformer is followed by a single channel post filter to obtain a

response without distortion in the look direction [45].

g _|F cevOnnPnnFoev /M
AN =
paN Féev®nnFoev

Finally, the source signal is obtained as

7= gBANFGHEVY

4.2.3 Estimation of TF mask using neural network

The overall system consists of multiple neural networks, one for each microphone
channel. The multiple output of networks will take median operation to get a
condensed mask, so that outliers caused by broken microphone can be removed.
Specifically, two masks are obtained instead of one: one mask is for speech and the
other is for noise. The same condensed masks are then entry-wise multiplied with the
microphone array. Then the Power Spectral Density (PSD) of speech and noise are
estimated.

The input for each network is a single frame of the spectral magnitude of one channel.
The output are two masks, My and My. The ground truth of these two masks are

obtained as below, where thy (f) and thy (f) are chosen separately by hand.
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1 M < 10thv ()

IBMy(t,f) = {7 |IN]]|
0, otherwise

[1X1]
1,—— > 10t ()
IBMy(t, f) = [IN]]

0, otherwise
Note that these two are ideal binary mask which are introduced in Chapter 2. In order
to obtain the ground truth of these two masks, it is assumed that both clean speech
and noise are known. However, this is often only possible when the data is simulated;
when they are recorded in real environment, such information are not always

available. Thus, this has been pointed out to be a limitation of this approach [26].

4.2.4 Neural network configuration

The network configuration is summarized in Table 4.1.

Units Type Non-Linearity  Pdropout
L1 256 BLSTM Tanh 0.5
L2 13 FF RelLU 0.5
L3 513 FF RelLU 0.5
L4 513/1026 FF Sigmoid 0.0

Table 4.1 BLSTM network configuration for mask estimation

In the network, the first layer is a Bi-directional Long Short-Time Memory (BLSTM)
layer. An illustration of BLSTM is presented in Figure 4.6. BLSTM models the inter-
dependency of the time frequency bins both forward and backward in time. The input

X; , representing a single time column in the spectrogram, is mapped to an
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intermediate representation y;, that is both depending on forward and backward time
columns of [xq, X5, ..., X;_1] and [X¢y1, X2, v, X7].

The fully connected layers following BLSTM are omitted from the diagram.

A o) (o) Cor)
Outputs Yer ) - Yur ) ooe ()T )
d \T/ \__/ \t/ "/
Activation ]
Layer '{J f ‘( i
Balc:::-rdq_‘ LSTM L.STM LSTM
Forward LSTM LSTM , LSTM
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- @® @ ® -~ 6
\_/ \ 4 \_/

Figure 4.6 An illustration of BLSTM layer taken from [51]

4.2.5 Training scheme

The neural network 1is initialized with uniform distribution. An RMSProp optimizer
[48] is used for training. The optimizer is configured to use a fixed learning rate of
0.001 and a momentum of 0.9. To prevent overfitting, dropout [46] of rate 0.5 is used
for training. Batch normalization [47] is applied to all but the output layers. Early

termination is applied after 10 epochs when the loss doesn’t decrease any more.

4.3 Result

The trained neural networks are obtained from CHiME 3 dataset with noisy

background. As mentioned before, we applied this same trained neural network on
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our simulated reverberated speech. Perceptual evaluation of speech quality (PESQ)
score is used to evaluate the effectiveness of this approach.

PESQ score is an objective measure that can be used to predict subjective listening
tests results [49]. It is an analogy to the subjective test of Mean Opinion Score
(MOS). In a mean opinion score test, human subjects are asked to rate the quality of
speech with a score from 5 to 1, mapping to Excellent, Good, Fair, Poor and Bad. To
obtain MOS, the arithmetic mean is taken over single ratings from human subjects.
This is a subjective test and involves human listeners to participate. PESQ score is, on
the contrary, an object score, developed to model a subjective test such as MOS. It
takes a reference signal and the signal under evaluation as inputs and output a score
that predict the speech quality perceived by a human listener. The structure of PESQ
is given below. After alignment of input signals in time, an auditory transform is
applied to them. This follows a psychoacoustic model that transforms signal into a
representation of perceived loudness in time and frequency. Then these auditory
representations are compared and their difference are quantified to predict the audible
error perceivable by human listeners. The range of PESQ score ranges from -0.5 to
4.5 and rarely falls below 1 in practice. A standard mapping function from PESQ to
MOS-LQO is available, which maps to range between 1.02 to 4.56. A thorough

treatment of PESQ score is beyond the scope of this thesis.
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Figure 4.7 Structure of PESQ model taken from [49]

The PESQ score is applied to the reverberated speech before and after
dereverberation using the proposed approach. For each reverberation time, 100
utterances are tested using the trained neural network without re-training and the
average PESQ score is given in Table 4.2. In all three cases, the PESQ score is
improved after the dereverberation. The effectiveness of the approach can be
reasoned using the idea of transfer learning, where features extracted from one task
can be used to another task and still proved to be beneficial. In our case, this means
that the features obtained by the neural network to tell between a speech dominated
bin and noise dominated bin, can be transferred to tell between an early reverberated

speech dominated bin and late reverberated speech dominated bin.

PESQ score
ReverberationTime 0.3s 0.6s 0.9s
Reverberated 2.344 1.858 1.659
Enhanced 2.713 2.199 1.886
Table 4.2

In addition, we also conducted a set of experiments with varying radius of microphone

array, reverberation time and sender-receiver distance. A comprehensive summary of
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results is presented in Table 4.3. There are three major conclusions that we can obtain
from those results. First, by varying the sender-receiver distance from 1 meter to 3
meters, the degradation of the algorithm is not significant, and overall improvement
ranges from 0.1 to 0.3 in PESQ score. Two, for reverberation times T20 = [0.3, 0.6,
0.9] seconds, the reverberation is significantly more severe than in listed T60 times and
the dereverberation is not so effective with only marginal PESQ improvements. Three,
overall, a larger microphone array with radius 50 cm is slightly more robust to a head-
size array of radius 10 cm. The improvement in PESQ is observed to be larger on the

larger array.

T60 Before After Before After
Dist. 1m Mean Std Mean Std Mean Std Mean
0.3 2.214 0.084 2.573 0.110 2.344 0.082 2.713
0.6 1.756 0.096 1.931 0.112 1.858 0.102 2.199
0.9 1.578 0.098 1.711 0.136 1.659 0.101 1.886
0.3 2.208 0.091 2.394 0.116 2.288 0.094 2.697
0.6 1.788 0.087 1.975 0.104 1.843 0.087 2.154
0.9 1.615 0.095 1.744 0.114 1.663 0.089 1.923
0.3 1.477 0.096 1.554 0.149 1.567 0.101 1.758
0.6 1.241 0.135 1.285 0.165 1.332 0.112 1.416
0.9 1.147 0.200 1.175 0.161 1.228 0.165 1.280
Table 4.3
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Chapter 5: Conclusion

In this thesis, we leverage a successful neural network method on a similar task of
speech enhancement to dereverberation, specifically, time frequency mask supported
Generalized Eigenvector (GEV) beamformer. This data driven approach introduces
feature transferrable to related tasks compared to hand-engineered methods. Our
experiments illustrate that the original framework arise from open area enhancement
tasks is proved to be effective in our closure space tasks.

The main future direction is whether this framework can be extended to cases where
human head is considered to impact the pattern of reverberation. The gap between a
circular array and a one mounted on head can be filled with advanced reverberation
simulation tools, where the Head Related Transfer Function (HRTF) can be
incorporated into the room impulse response. The current simulation tool in concern,
however, couldn’t implement this feature.

Another question to ask is whether strong initial reflections can also be picked out in
this framework. In a similar task, neural network based time frequency masks have
been used to separate speech from multiple speakers. Instead of different speakers,
can “fake speakers” resulting from initial early reflections be separated in a similar
style? This borrows the idea of image-source method in the area of reverberation

simulation and hasn’t been considered much in the literature.
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Image Source

Figure 5.1 Illustration of image source method. Taken from [52]
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