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Abstract

Speech is the most natural mode of communication and distant speech recognition en-
ables us to communicate conveniently with other devices without any body or head
mounted microphones. But the real world deployment of such systems comes with a lot
of challenges. This work seeks to address the two major challenges in such a system
namely noise and reverberation by using microphone arrays. In this regard, beamform-
ing is most commonly used technique in multichannel signal processing to reduce noise
and reverberation. A detailed analysis of the existing source localization and Automatic
Speech Recognition (ASR) performances of beamforming techniques were performed us-
ing the Chime Challenge dataset. Based on these studies an improved steering vector was
proposed to increase the performance of Mininimum Variance Distortionless Response
(MVDR) beamformer in real data. The proposed model helped to reduce the Word Error
Rate (WER) of MVDR beamformer from 17.12% to 12.75% in real data using an ASR
system based on GMM-HMM acoustic model and trigram language model. Finally the
WER was reduced to 5.52 % using a DNN-HMM acoustic model and lattice rescoring
using RNN language model.
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Chapter 1

INTRODUCTION

First speech recognition system was Audrey designed by Bell Labs in 1952 which could
recognize digits from a single voice. From there speech recognition systems began to
evolve continuously with vocabulary size increasing from vowels to digits and finally
to words. The focus then shifted on to speaker independent connected word recogni-
tion and finally to large vocabulary continuous speech recognition. Speech recognition
technologies have then entered the marketplace, benefiting the users in a variety of ways.

The integration of voice technology into Internet of Things (IoTs) has led to develop-
ment of plethora of real world applications ranging from Smart Homes, voice controlled
personal assistants like Apple’s Siri or Amazon’s Alexa, humanoid robots etc where the
user can be few metres away from the device. Deployment of speech recognition sys-
tems into the real world also comes with a lot of challenges like contending with noise,
reverberation and overlapping speakers. For example, an automobile speech recognition
system must be robust to noise but only low reverberation [1]. On the other hand, a
meeting room environment and home environment typically has a much higher SNR but
has moderate to high amounts of reverberation and the additional challenge of over-
lapping talkers [2, 3]. Mobile devices can be used in highly variable environments. So
distant speech recognition is a highly challenging problem. This work tries to overcome
the two main challenges i.e. noise and reverberation commonly occurring in enclosed

scenarios like home and meeting environments using an array of microphones.



1.1 Array Processing

Speech recognition techniques using a single channel microphone produced poor recog-
nition rates when the speaker was distant from the microphone (say more than 50cm).
Clearly the single channel techniques were not able to deal effectively with low SNR
and high reverberant scenarios. This led to the use of multiple microphones known as
microphone arrays.

For the distant speech recognition task, the microphone arrays offer several advan-
tages over a single channel. First a microphone array can locate and then track the
speaker positions which will be useful in meetings and teleconferencing to steer the cam-
era towards the active speaker [3]. This is achieved on the basis that the signals coming
from different locations reach the microphones with different delays. Exploiting this
helps finding the location of the speaker. Secondly, multiple microphones can be used
for source separation tasks where two speakers are talking simultaneously and we need to
separate each speaker. This is difficult in the frequency domain since the frequency con-
tent of both speakers overlap each other. Microphone arrays help exploit the separation
in the spatial domain, when the signals come from different directions. This process of
steering the response of microphone array towards a required direction while attenuating
the signals coming from other directions is known as spatial filtering or beamforming.

This concept of array signal processing began as early as 1970s, where it was em-
ployed in antennas, sound detection and ranging(sonars) and radio detection and rang-
ing(radars) for localizing and processing narrowband signals. For example, radars and
sonars are used to detect and localize moving targets like air-crafts, missiles, and ships.
In antennas, array processing is used for directional reception as well as transmission
of narrowband signals. So much of the theory behind the construction of spatial filters
were derived from these narrowband processing techniques. Since speech is a wideband
signal, most of the array processing algorithm works by considering each frequency bin

as a narrow band signal and applying the narrowband algorithms to each bin.



1.2 System Overview
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Figure 1.1: Block Diagram

The main components of our distant speech recognition system are shown in Fig 1.1
comprising of front end enhancement stage followed by a speech recognition system which
takes microphone array signals as input and gives the recognition accuracy in terms of
word error rate (WER). Following is a brief description of the different stages involved:
Source Localization : The process of finding the direction of the speaker using the
information from the signals received at the microphone arrays. Various source localiza-
tion algorithms are described in detail in Chapter 2
Beamforming : The process of steering the response of the microphone array towards
the source direction thereby attenuating the undesired signals from other direction. The
working of different beamforming techniques is explained in Chapter 3.

Noise Estimation : Most beamforming techniques are posed as a constrained optimiza-
tion problem of minimizing the noise power at the output. For this an estimate of the
correlation between the noise across channels is required. Some beamforming techniques

works based on assumptions regarding the noise fields and donot estimate the noise.



Different noise field models and techniques for noise estimation are covered in Chapter 3
Single Channel Enhancement : After performing beamforming, single channel en-
hancement like Wiener filtering for noise reduction [4] or dereverberation algorithms like
Non negative Matrix Factorization (NMF) [5] are performed to further enhance the sig-
nal.

ASR : Speech recognition engine generates a hypothesis regarding what the speaker said
from the enhanced acoustic waveform with help of a trained acoustic and language mod-
els. These hypotheses are compared with reference text to compute accuracy in terms
of WER. Chapter 7 presents the speech recognition accuracies of various beamforming

methods under different conditions.



Chapter 2

Acoustic Source Localization

For the purpose of beamforming, it is necessary to estimate the location of speaker to
apply spatial filtering techniques. This problem of finding the source location using
sensor arrays has long been of great research interest given its practical importance in a
great variety of applications, e.g.,radio detection and ranging (radar), underwater sound
detection and ranging (sonar), and seismology. In these applications, source localization
is more commonly referred to as direction of arrival (DOA) estimation. Following sections

will discuss various source localization algorithms.

2.1 Classification of Source Localization Algorithms

The various source localization algorithms can be broadly categorized into three as

follows:

1. High resolution spectral based algorithms : These methods are based on the eigen
decomposition of spatial correlation matrix between signals arriving at the mi-
crophones. Most often spatial correlation matrix is not known apriori and are
estimated by taking the time averages from the observed data. These methods
assume source signal to be narrowband, stationary and in the far field region of
microphones . These algorithms are derived from high resolution spectral analysis

based techniques. A major drawback is the associated computational complexity.



MUSIC (Multiple Signal Classification) [6, 7] and ESPRIT (Estimation of Signal
Parameters via Rotational Invariance Techniques) [8] are the two main algorithms

under this category

2. Steered Response Power (SRP) based algorithms : These techniques involve evalu-
ating a function at different hypothesis locations and then using a search algorithm
to find the direction where the function attains it’s maximum value |3, 9]. Typi-
cally the response of a beamformer is steered towards the hypothesis locations and
the function which is evaluated is the received power at each direction [10]. When
the source is in far field, in order to obtain higher spatial resolution, beam needs
to be steered in a large range of discrete angles which increases the computational

complexity leading to a poor response time.

3. Time Delay Of Arrival (TDOA) based algorithms : These are the simplest class of
algorithms which involves estimating the time delay of arrival of the speech signal
between a pair of microphones and then subsequently using this information to
find the direction of source. The peaks in the cross correlation function between
the signals is exploited to find the TDOA. Generalized Cross Correlation based
methods which uses additional weighting functions to cross correlation are the

commonly used algorithms in this category [11].

2.2 TDOA based algorithms

TDOA based algorithms are the most commonly used techniques for source localiza-
tion due to it’s computational simplicity, robustness, and lack of prior knowledge about
microphone positions. These class of algorithms uses a reference channel and tries to
find the relative delay of arrival of all the other channels with respect to this reference

microphone. Following sections will explain different TDOA based methods in detail.



2.2.1 Cross Correlation (CC)

The simplest approach is to find the time shift where peaks appear in the cross correlation
of signals between two channels. Let x;(t) and x2(t) be the signals received at two

different channels, then the cross correlation can be expressed as :

Ry (1) = E{z1 (D)2 (t = 7)} (2.1)

where E{} is the expectation operator. TDOA is calculated as the time shift for which
cross correlation is maximum.

D = argmax Ry, 4, (7) (2.2)

T

The working of above algorithm could be better explained using a delay only signal
model in the presence of spatially uncorrelated noise. Let the speech signal received
at each microphone be a delayed, attenuated version of the original speech signal with

additive noise. So the signal received at the microphone can be represented as:

z(t) = as(t — 1) + n(t) (2.3)

Using the above signal model and with the assumption that noise and speech signal
are uncorrelated,and also noise between the channels are uncorrelated (R, n,(7)=0) the

cross correlation between the signals at microphones can be simplified as follows:

Rxlm(T) = E{(als(t —7) + nl(t))(a23(t — T2 — T) + no(t — T))}
= 1o Rss(T — (11 — T2)) + Ruyny(7)

= OélagRss(T - D) = a1a2RSS(T) * 6(7— - D)

Cross correlation between the channels is the auto correlation of the speech signal
convolved by an shifted impulse function. Since Rss(0) > Rss(7), Ryyz,(7) will have a

peak at D.



The cross correlation is computed using cross power spectrum which are related

(G225 (f)) by the inverse Fourier Transform relationship :

Ry (r) = / G ()27 df (2.4)

Here also we get only an estimate of the cross power spectrum Gy, 4,(f). One common

method of cross power spectrum estimation is by using Welch periodogram method [12].

2.2.2 Generalized Cross Correlation (GCC)

Cross correlation algorithms fail in the presence of reverberation when there are early
reflections which are coming from different directions. Cross correlation between the

signals in this case can be expressed as:
Ryay(T) = Rss(T) * Z a;0(T — Dy) (2.5)

where impulses are due to the early reflections. Now the cross correlation function
will contain scaled and shifted versions of Rgs(7) corresponding to each impulse. Since
Rss(7) is a smoothly decaying function, these shifted versions can overlap and produce

new peaks leading to erroneous results.

xa(t) yaft)

Rysya(t)

Cross Correlation Peak Detector

xa(t) Yeft)

Figure 2.1: GCC Framework

GCC based algorithms were introduced to increase the robustness of CC method
towards noise and reverberation by applying an additional weighing factor to each bin.

Fig 2.1 shows the block diagram of GCC based algorithms based on which the generalized
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cross correlation function Ry, (7) can be expressed as:

Ry1y2 / Gy1y2 e]?wfﬂ-df
= /Hl(f)Hék(f)Gmm (f)ej2ﬂf7-df
/¢ xlmz ej%def
Here ¥(f) represents the weighing factor applied to each frequency bin. The TDOA
is estimated as the time shift for which the generalized cross correlation function attains

maximum value.

D = argmax Ry, 4, (7)
T
Following are the different weighing functions used [11]:

Roth Processor

The GCC function with Roth weighing factor is given by:

y1y2 / Gyly2 6]27Tf‘rdf (26)

xlm

The working of the weighing function can understood by expanding cross power spectrum

as follows: 2mfD
y1y2 / ss 6 —J €j27'rf‘rdf
Gss(f + Grin (f) (2.7)
ej27rf7'df
/ Gss(f + Gmnl(f)
So it suppresses those frequency bins where SNR is lower.
Smoothed Coherence Transform (SCOT)
The GCC function with SCOT weighing factor is given by:
$1$2 ) j2wfr
Ryy / € df (2.8)
! Gz ()Goraza (f)
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While Roth considers SNR of only one channel, SCOT considers SNR of both the chan-
nels. It also gives a sharper peak in the generalized cross correlation function.
GCC Phase Transform (GCC PHAT)

The GCC function with PHAT weighing factor is given by:

G .
Buun(r) = [ (e smay (2.9

GCC PHAT uses only phase information by whitening the cross power spectrum and
gives equal weightage to all the bins. GCC PHAT exhibits sharp peaks in the generalized
cross correlation function and hence it works better in moderate reverberant conditions.

Under low SNR and high reverberant conditions, the performance will degrade.

Hannan Thompson (HT)

The HT function is given by:

_ 1 IC2(f)
) = G T - TR &0
Here I'(f) represents the coherence function given by :
Gz, (f)
r = 2.11
S Ty =

HT method adds an additional weighing factor based on the coherence between the
channels to the GCC PHAT algorithm. Higher the coherence, more weightage will be

given to that particular frequency bin.

2.3 Steered Response Power Phase Transform (SRP PHAT)

The TDOA based methods considers only a microphone pair at a time and does not make

use of knowledge about microphone positions. SRP based algorithm tries to overcome

12



these limitations at the cost of increased computational complexity. SRP PHAT in
particular tries to combine the robustness of GCC PHAT with the above mentioned
advantages of SRP based algorithms.

From the knowledge of array geometry, a set of TDOAs can be computed for each
direction. Suppose an angular resolution of 1° is required in the azimuth plane, then with
respect to reference microphone a set of TDOAs can be computed for all the other micro-
phones at each required angle. At each hypothesis location, the SRP PHAT function is
computed by evaluating GCC PHAT for the estimated TDOA between each microphone
pair and then summing over all the microphone pairs [3|. Suppose there are N micro-
phones, then the SRP PHAT function at each hypothesis location 6 can be evaluated as

follows:

N-1 N

Here 7;;() represents the estimated TDOA between microphone pair i & j when the
source is at an angle 0. [10] uses a non linear function of GCC PHAT function based
on hyperbolic tangent to emphasize larger values. Finally the source direction can be

computed as the 8 which maximizes the above function.

2.4 Postprocessing

Most of the above mentioned algorithms works on the assumption that the noise across
the microphones are weakly correlated. In the presence of strong directional noises like
door shut, a strong peak will be present corresponding to this event leading to wrong
results. To account for this some postprocessing is performed on estimated TDOAs.
One approach is to assume that these noises are present only for a shorter dura-
tion and perform some continuity filter in the time domain. Beamformlt [2] an open
source software based on C++-, uses Viterbi decoding to find the best path across time
from a set of N-best TDOAs at each time frame. Here N-best TDOAs at each time
frame are chosen by the taking time shifts corresponding to N highest peaks in the GCC

PHAT.The transition probabilities between two points are defined based on the differ-
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ences in the TDOA between that points and the emission probability is computed based
on the logarithm of the GCC PHAT values. Now using these, Viterbi algorithm can be
performed to find the best path. In the case of overlapping speaker scenario, the TDOAs

corresponding to each speaker can be estimated by selecting 2-best paths across time.

2.5 Summary

This chapter gave a review of working of the different source localisation algorithms
with the main focus given to TDOA based algorithms. In next chapter different spatial

filtering techniques will be discussed
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Chapter 3

Acoustic Beamforming

Beamforming is a popular technique used in antennas, radars and sonars for directional
signal transmission or reception. Consider a scenario where two speakers are speaking
simultaneously and we want to perform source separation. Clearly this could not be
achieved in the time-frequency domain since the frequency components overlap each
other. One possible solution is to exploit the spatial separation between the speakers. In
this chapter, first a simple and intuitive way of how microphone arrays help in achieving
spatial separation is explained and finally a more formal explanation from optimization

view point is provided.

Sound Wave

Figure 3.1: Linear Microphone Array [13]

Consider the scenario of M microphones separated by a distance 'd’ with the source
located at an angle # with respect to the axis of a linear microphone array as shown in

Fig 3.1 . The time delay of arrival at the i with respect to first microphone is given by:

dcos0

C

i =(—1)

15



So the signal received at each microphone is a delayed version of the original signal,

with the delay depending on the source direction. Let x;(t) be the signal received at the
i" microphone and s(t) be the original speech signal, then x;(t) can be expressed as:

dcos0

C

zi(t) = s(t — (i — 1) =22

On simply averaging the signals received at different microphones,

1 Y 1Y dcost
o0 = 5 () = 5 Dot - = DT
Taking the discrete Fourier Transform gives,
1 N dcost
_ = —jw((i-1)2==) _
Y(w) =S5 ;e J = S(w)H (w)

Here H(w) represents the response of the array to the speech signal. The frequency
response is dependant on N, d, w and 8. Plotting the magnitude response keeping N,d

and w fixed on polar coordinates gives the directivity pattern or beam pattern [14].

Figure 3.2: Beampattern for Uniform Linear Array Microphone(ULAM) with simple
averaging (left) and after steering towards an angle of 45° at 2000Hz frequency(right).
Dotted line represents the magnitude response of 8-channel ULAM and solid line repre-
sents the magnitude response of 4-channel ULAM

Fig 3.2 (a) shows the beampattern pointing towards 0°. But we need the beam to
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point towards the source direction, say 45°. So instead of simply averaging, we need to
first compensate for delays and then average across channels. Let 65 be the estimated

source direction. Then the output signal can be expressed as :

dcost

o0 = 5 Dowile+ (- )FE)

Now the impulse response of the microphone array towards the speech signal will be :

N
]_ . . costl—cosbs
H(w,0) = N§ o jw(i—1)(deosicostal)
=1

Fig 3.2 (b) shows the beampattern now steered towards an angle of 45°. It can ob-
served that the response of array is maximum in the direction of source while attenuating
the signals from other directions. This principle of the algorithmically steering the beam

towards the direction of source is known as beamforming.

3.1 Array Model

This section will give a more formal introduction about different beamforming techniques
and regarding the different signal models. Let y;(t) be the signal received at the it
microphone which is a delayed version of the speech signal s(t) in the presence of additive
noise 1n;(t). So the received signal, y;(t) = s(t-71;) + n;(t), where 71; is the TDOA with
respect to the first microphone. Without any loss of generality, the first microphone
is selected as the reference microphone. Signal could be represented in the frequency

domain as :

yi(f) = zi(f) +ni(f) = s(f)e 7> 4 ny(f) (3.1)

In vector notation, the received signal can be represented as:

y(f) =x(f) +n(f) = d(f)s(f) + n(f) (3.2)

17



where, d(f) = [l e /@72 e=JwTi3  ¢=J@TIN]T i5 known as the steering vector which is
calculated at source localization stage from the TDOA estimates.

Originally proposed for narrowband signals, beamformer applies a filter to each chan-
nel and then sums the output of all the filters as shown in Fig 3.3. Filters are designed
based on the optimization criterion and assumptions regarding noise. For a wideband
signal like speech, each frequency bin is approximated as a narrow band signal and a set

of filters is designed to each bin independently.

y1(t) ]
hl

y2(t)
ha

un (t)

h N

Figure 3.3: Beamformer Model [15]

Let h(f) be a coloumn vector with each element representing the transfer function of

filter at the output of each microphone. Then the output at the beamformer is given by:

z(f) =h"(fy(f)
=hZ (A d(f)s(f) + hZ (f)n(f)

(3.3)

For no signal distortion at the beamformer output, h* (f)d(f) should be equal to one
which is referred as the signal distortionless constraint. The power at the output of the

beamformer is given by :

P = E[()z"()] = E{®" (/) (x(f) + n() 07 () (x(f) +n()7}
= b (/) E{x(£)x(f) "} (f) + b7 (f)E{n(f)n(f)" }h(f)
= h"(/)R.(/)h(f) + b7 (/)R.(f)h(f)
= o5 (N (HAN)? + B (/Ra(F)B(S)

where o is PSD of the speech signal, and R,,(f) is the spatial coherence matrix of the

18



noise field. Let Ry, (f) = on(f)Tn(f), where I'y(f) is known as the pseudo coherence

matrix [15] and o, (f) is the average PSD of the noise at input.

3.2 Noise Coherence Matrix Estimation

Many techniques based on single channel enhancement techniques require an estimate
of PSD. In the case of multichannel algorithms, apart from PSD of the microphones an
estimate of the cross power spectral densities between the microphones is also required
which is represented in the form of a matrix known as noise coherence matrix (R, (f)).
The main diagonal elements contain the PSD of each microphone while the cross terms
represent the cross PSDs. It captures the information regarding noise field which encodes
the spatial information regarding the noise sources. Hence an accurate estimation of noise
coherence matrix is required to effectively suppress the noise sources.

A typical way to estimate the noise coherence matrix is to identify the regions where
only noise exists and then perform an ensemble averaging. Some methods rely on the
assumption that in initial part of the signal speech is absent and estimate noise from this
region. Another popular method is to use a Voice Activity Detector (VAD) [16, 17] to
find the regions where speech is absent and estimate noise coherence matrix using these
frames. But VAD based methods donot perform updating of noise coherence matrix
when speech is present which poses a problem in non stationary noise scenarios where
noise statistics are changing.

One approach is to exploit the sparsity of the speech in the time frequency domain.
Instead of performing voice activity detection at frame level, those time-frequency bins
which contain only noise are identified and noise coherence matrix is updated. A spectral
mask is used to estimate the posterior probability of each time frequency bin belonging
to the noise class and then a weighted averaging is performed based on these posterior
probabilities to estimate the coherence matrix. Yoshioka et. al. [18] uses a complex
Gaussian Mixture Model (CGMM) [19] to estimate the spectral while Heymann et. al.

[20] uses a bidirectional Long Short Term Memory (BLSTM) network to estimate the

19



spectral masks.

Some beamforming techniques instead of estimating the noise fields, uses noise co-
herence matrix models based on some ideal assumptions regarding the noise fields. Two
types of model are the diffuse field noise model and the spatially white noise model.
Diffuse field model in turn can be classified into spherically isotropic [21] and cylindrical
isotropic model [22]. Spherically isotropic model assumes the noise signal propagates
as plane waves in all directions with equal power in the three dimensional space while
cylindrically isotropic model assumes noise propagates only along two dimensions in the
horizontal directions. Spatially white noise model assumes that noise signals across the
channels are uncorrelated. A common property of above noise models is that every

element in the noise coherence matrix is real.

3.3 Performance Metrics

Based on the above signal models following are some of the narrowband performance
metrics that could be used to evaluate the performance of beamforming [15]:
iSNR - Defined as the ratio of the average desired signal power to average noise power

at the input

as(f)
on(f)

0SNR - Defined as the ratio of the desired signal power to residual noise power at the

iSNR(f) =

output of beamformer

os(f )!hH(f) (NP

on (OB (FIT (B (F)
_ WP
SRR b )

oSNR(h(f)) =

Array Gain - Defined as the ratio of the output SNR (0SNR) to input SNR (iSNR).

_oSNR _ [hf(f)d(f)]
AN = ToNg = h (f)T,(f)h(f)

20



White Noise Gain - Defined as the array gain in a spatially white noise field. In a
spatially white noise field, the noise present in the channels are uncorrelated with each

other leading to pseudo coherence noise matrix being an identity matrix.

()P

MO )

Directivity - Defined as the array gain in a spherically isotropic diffuse noise field. In a
diffuse noise field, the sound pressure level is uniform at all points, with noise coming
from all directions. Coherence between the channels decreases with increasing frequency

as well as microphone distance.

b (f)d(f)?
h? (£)Tairs(H)R(f)

D(h(f)) =

where T'g;¢¢(f) represents the pseudo coherence matrix of the diffuse noise field whose

elements are given by:

[Lairr(f)lij = sinc(2fdij/c)

Here d;; is the distance between the microphones i & j and c is the speed of sound.
Beampattern - Represents the response of the beamformer as a function of the direction
of the source. It is defined as the ratio of the output power of the desired signal having

a steering vector d(f) to the input power.

B(d(f)) = " (Hd(f)I”

Noise Reduction Factor - Defined as the ratio of noise power at the input to the residual
noise power at the output of beamformer gives an indication of how much noise power

the beamformer is able to reject.

Enr(h(f)) =

W ()T (f)h(f)
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Desired Signal Cancellation Factor - Defined as the ratio of the average power of the

desired signal at the input to the desired signal power at the output of beamformer.

1

Easc(M([f)) = B ()]

This can take a value of 1 corresponding to no distortion when [h¥ (f)d(f)| = 1

3.4 Beamforming Techniques

This section builds on top of the previous two sections to discuss the different beam-
forming techniques proposed in literature. The optimization criteria and assumptions

each technique make regarding noise is discussed in detail.

3.4.1 Maximum SNR Beamforming

As the name suggests, maximum SNR beamformer tries to maximize the SNR at the
output of the beamformer for each frequency bin. SNR at the output of the beamformer

can be expressed as:
b (f)R.(f)h(f)
b (f)R.(f)h(f)

where R, (f) = o,d(f)d? (f) is a rank-1 matrix if the speaker is assumed to be stationary.

oSNR(h(f)) =

Here optimization criteria is to find the filter weights which maximizes the SNR at the
output of the beamformer. Above problem is termed as Generalized Eigen Value problem

based on which the optimization criteria can be rewritten as:

b (/)R (F)Ra(f)h(S)
h = arg max
swlf) ) b (f)h(f)

(3.4)

Solution to this will be the eigen vector corresponding to maximum eigen value of
R, (f)R.(f). Since Ry(f) is a rank-1 matrix, the product of the matrices will be
rank-1 and hence it will have only one non zero positive (Hermitian matrix) eigen value

which will also be the maximum value. So the solution to the eigen value problem

osRL(AA(f)A (F)hsnr(f) = Mhsyr(f), where A represents the eigen value is ob-
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tained as :

hsnr(f) = aR, (f)d(f) (3.5)

where « is an arbitrary scaling factor which doesnot influences the subband SNR but
can introduce distortions to the speech signal. [23] discusses two types of normaliza-
tion: Blind Analytic Normalization (BAN) and Blind Statistical Normalization (BSN)
to control the speech distortions by applying a single channel postfiltering. This tech-
nique is also known as Generalized Eigen Value (GEV) beamforming since it solves the

generalized eigen value problem [20].

3.4.2 Minimum Variance Distortionless Response Beamforming

MVDR beamformer minimizes the noise power at the beamformer output with the con-
straint that there is no speech distortion [15, 24]. As explained in section 3.3, the signal
distortionless constraint is given by |h (f)d(f)|=1. MVDR filter is obtained by solving

the constrained optimization problem:

hyvor(f) = al”}gl(rfriin W (f)R,(f)h(f) subject to h(f)d(f) =1  (3.6)

_ RI()AU)
Pvor() = G ) R (Hd(f) 37

The denomoinator d (f)R,,1(f)d(f) is a gain factor. So MVDR beamforming can be

mn

expressed as aR,,; 1 (f)d(f), where a is fixed to ensure that there is no speech distortion.
Hence it also maximizes the subband SNR. The beamwidth of the main lobe of MVDR
beamforming is very less making it susceptible to signal cancellation issues in the presence
of source localisation errors. The white noise gain of MVDR, beamformers decreases with
increasing |hary pr(f)[? (from section 3.3). So inorder to make the MVDR beamformers
more robust to white noise and source localization errors, an additional constraint was
imposed to limit the norm of the weights. Solving the optimization problem in Eq

3.6 using both the above constraints we get Minimum Variance Distortionless Response
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Diagonal Loading (MVDR DL) beamformer

(Rn(f) + eI)'d(f)
d”(F)(Rn(f) + eI)~'d(f)

hyvprpr(f) = (3.8)

3.4.3 Delay Sum Beamforming

Delay and Sum beamforming (DSB) solves the constrained optimization problem of
maximizing the white noise gain at the output of the beamformer subject to signal

distortionless constraint. The DSB filter is obtained as follows:

3 W (H)d(f)P? : _
hpsp(f) = arg(rfr;mm subject to W (f)d(f) =1 (3.9)
hpsp(f) ) ___di0) (3.10)

S di(pdf) N
As the name suggests, it just compensates for the delay at each channel and adds them.
This is same as the beamformer discussed in the beginning of this chapter. DSB is a data
independent beamformer since the filter weights doesnot depend on the data received
at the input. DSB beamformers have a narrow main lobe width in the beampattern
at higher frequencies but wider width at lower frequencies which limits the ability to
attenuate noise from other directions. Stolbov et. al. [25] proposes a modification by
multpyling with an additional complex gain to each filter to account for fluctuations in
microphone sensitivity and phase. This method referred to as Multi Channel Alignment
(MCA) beamforming helps reduce the width of the main lobe and also reduces sidelobe

levels.

3.4.4 Super Directive Beamforming

Super Directive beamforming (SDB) solves the optimization criteria of maximizing the

directivity (see section 3.3) at the output of the beamformer subject to the distortionless
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constraint [26]. The SDB filter could be obtained as follows:

W (f)d(f)?

hspp(f) = W (F T (B0) subject to hI(f)d(f) =1 (3.11)
_ Typ(Hd(f)
Peosld) = G () (3.12)

Like in MVDR beamforming, an additional WNG constraint is imposed to the opti-
mization problem to make it more robust to white noise and source localization errors.

Compared to DSB, SDB has a narrow main lobe width at low frequencies.

3.4.5 Linear Constrained Minimum Variance Beamforming

Linear Constrained Minimum Variance beamforming (LCMV) is a generalized version
of MVDR beamforming. MVDR beamformers imposes only a single constraint, which is
the signal distortionless constraint. Like in MVDR, LCMV also minimizes noise power
at the output but imposes multiple linear constraints [24, 27|. Suppose the direction of
interfering point sources are known, then additional constraints could be imposed such
that the beamformer also places a null in those desired directions. Let CHh(f) = u
be the set of linear constraints the beamformer has to satisfy, then LCMV filter can be

obtained as follows:

hiouv (f) = argmin h (f)R,(f)h(f) subject to C¥h(f) =u (3.13)
hoomv (f) = [CT(HRL(F)HFHCHIT R, (F)C(f)u (3.14)

Generalised Sidelobe Canceller (GSC) is an alternate efficient implementation of LCMV
by providing a mechanism for converting the constrained optimization to an uncon-
strained one. [28] gives a detailed description of the GSC along with various adaptive

versions like least mean squares (LMS) and recursive least square (RLS) algorithms.

25



3.5 Summary

A detailed mathematical explanation regarding the theory behind working of different
beamforming techniques was given in this chapter. Next chapter discusses about CHIME

Challenge which is designed for multichannel distant speech recognition applications.
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Chapter 4

CHiIME Challenge

CHIiME Challenge is a series of challenges targeting distant speech recognition in real
world scenarios. First CHIME Challenge was introduced in 2011 and complexity of the
tasks have evolved with every challenge. Over the years, participants from all over the
world both from academia and industries have submitted to CHiME Challenge resulting
in major breakthroughs in this area. Latest edition will be the fifth in series which will
be starting on January 2018.

The work in this thesis uses the datasets and baselines provided by the CHiME 4
challenge. Following sections will give a brief description of CHIME 1 and CHiME 2
tasks followed by a detailed description of datasets used in CHiME 3 and CHiME 4.

4.1 CHIME 1 & CHIiME 2

The first and second editions was introduced focussing on distant speech recognition in
domestic environments. The aim of the CHiME-1 challenge was to recognize keywords
within noisy and reverberant utterances spoken in a living room. The data required
for the challenge was simulated by convolving GRID utterances with the binaural room
impulse responses (BRIR) and then mixing with the CHiME background audio. The
BRIR was recorded using a mannequin from a distance of 2m directly infront. CHiME

background audio consists of 20 hours of non stationary noise data recorded using bin-
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aural mannequin from the living room of a family comprising of 2 adults and 2 children.
The other major noise sources included TV, outdoor noises, toys, footsteps and other
electronic gadgets. The reverberated utterances was placed in the CHiME background
data in such a manner to produce mixtures at 6 different SNRs. So no scaling of the
speech or noise amplitudes was required.

CHiIiME 2 was introduced to address some of the limitations of CHiME in emulating
the real world scenarios namely the stationary speaker scenario and smaller vocabulary.
Two separate tracks were present to evaluate both separately. For Trackl, time varying
BRIRs to account for small head movements was simulated by first recording BRIRs at
different places and then interpolating it. The data was simulated such that the speaker
was static at the beginning and end while making small head motions in between with
each movement at most 5cm and a speed of atmost 5em/s. Track 2 uses a larger vocab-
ulary by adopting Wall Sreet Journal (WSJ0) dataset instead of the GRID utterances.
The submitted systems to the Challenge was evaluated based on the Word Error Rates
(WERs) obtained on the test data.

4.2 CHIME 3 & CHIiME 4

The third and fourth editions were aimed at addressing distant speech recognition in real
life noisy environments recorded using a 6 channel microphone array embedded on the
frame of a tablet. Fig 4.1 shows the array configuration with Mic2 facing backside and
all the others towards the speaker. The data was recorded in four different environments:
cafe, street, bus and pedestrian environments. The utterances were based on the WSJO
corpus which was also used in the previous edition. Two types of data were available:
Real and Simulated data. Simulated data consists of artificially generated data in which
the clean speech data was mixed with recorded noise while real data consists of recordings
which were collected from speakers in the four noisy environments.

CHIiME 4 is an extension of CHiME 3 by making the task more challenging by

reducing the number of microphones. Three separate tracks were present consisting of
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Figure 4.1: Microphone array geometry [29]

1 mic, 2 mics and 6 mics. CHIME 4 also provided better acoustic and language model

baselines.

4.2.1 Data Collection

Data was collected from 12 US English talkers consisting of 6 males and 6 females whose
ages were between 20 to 50 years old. For each talker, the data was first collected in an
acoustically isolated booth chamber which was not anechoic and then in the four noisy
environments. In addition to array microphones, the data was also collected using a close
talking microphone (CTM). Each talker had about 100 sentences in each environment
which was displayed on the tablet. They were allowed to keep the tablet in whichever
way they feel comfortable like holding in front, resting on lap or putting it on a table.
The distance from the speaker to the tablet was around 40 cm and all the utterances
were based on the WSJO prompts. The data was collected originally at 48kHz and then
down-sampled to 16kHz and 16 bits.

The talkers were allowed to repeat each sentence as many times until they got it
correct. For the purpose of annotation, the annotators chose that sentence which was
read correctly. An annotation file was created to record the start and end times of each
correct utterance. A padding of 300ms of context was included prior to the start time.
Incase there were any errors, the transcriptions were changed to match the best utterance.
Apart from the continuous audio stream, isolated audio containing each utterances based

on the above annotation was also made available.

29



4.2.2 Data Simulation

The simulated data for the training set was derived from the clean speech present in
WSJO0 training set while development and test set was derived from the CTM data
recorded in booth environment. For each WSJ0 utterance in the training set, first a
random environment was chosen and then an utterance with duration closest to the
current WSJ0 utterance was selected from real recordings which was also from the same
environment. Then an impulse response of duration 88ms was estimated for each of the
tablet microphones at each time frequency bin using CTM and degraded microphone
array data cite. This was done to estimate the SNR of the real recordings [30].

In the second stage, the time delay of arrival (TDOA) at each microphone for the
real recordings was estimated using SRP PHAT algorithm. Then a filter was applied to
model the direct path delay from speaker to each tablet microphones. Noise was chosen
from a random portion of the background noise audio stream belonging to the same
environment. Same SNR as that of the real recordings was maintained by adding noise
to appropriately scaled version of the obtained speech data.

In the case of development and test set,corresponding real recordings are available
for each utterance to be simulated from the booth data. The only difference from the
training set simulation is that noise estimated from the corresponding real recordings was
added instead from a background audio stream. Noise was estimated by the subtracting
real recordings at each channel with signal obtained by convolving the CTM signal with
the estimated impulse response.

A major drawback of the simulated data compared to the real data is that, it does not

account for the echoes, reverberation, microphone mismatches and microphone failures.

4.2.3 Dataset Description

The dataset was split into training, development and evaluation sets with each containing

simulated and real data. The details regarding each set are as follows:

1. Training set: Consists of 1600 utterances in real environments which was spoken
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by 4 speakers (2 male and 2 female) with each reading 100 utterances in four
environments. Simulated data consists of artificially degraded utterances with the
clean speech used for mixing obtained from randomly chosen 7138 utterances of
the WSJO SI-84 training set comprising of 83 speakers. So the training set consists
of a total of 8738 (7138 + 400x4) utterances with a total duration of around 18

hours.

. Development Set: Consists of 410 real and simulated utterances from each of the
4 environments collected from a total of 4 speakers. The development set con-
sists of 3280 (410x4 + 410x4) utterances. The utterances are based on the "no
verbal punctuation" (NVP) part of the WSJ0 speaker-independent 5k vocabulary

development set.

. Test Set: Consists of 330 real and simulated utterances from each of the 4 en-
vironments collected from a total of 4 speakers. The development set consists
of 2640 (330x4 + 330x4) utterances. As in the development set, the utterances
are also based on the "no verbal punctuation" (NVP) part of the WSJ0 speaker-

independent 5k vocabulary evaluation set.

4.2.4 Baselines

For the speech enhancement part, a MATLAB code was provided which performs MVDR

beamforming with diagonal loading. Non linear SRP PHAT along with Viterbi decoding

was used to estimate the location of the speaker. Noise coherence matrix was estimated

from 500ms context prior to utterance. The ASR baselines provided were based on the

GMM-HMM and DNN-HMM models trained on the noisy data. A detailed description

of the ASR models is present in section 5.3

4.3 Summary

A detailed description of Chime Challenge was given in this chapter. The next chapter

discusses the proposed approach for the Chime Challenge.
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Chapter 5

Proposed Approach

This Chapter gives a complete description of the system proposed for the Chime Chal-
lenge and the improvements over the current methods. Most of the beamforming tech-
niques derived in Chapter 3 was based on the assumption that signal received at the
microphone is only a delayed version of the speech signal in the presence of additive

noise. Frequency domain representation of the received signal is (see Eq 3.1):

yi(f) = s(f)e 72T 4 ni(f) (5.1)

But this assumption is not valid in real world scenarios where there is reverberation.
Let r;(f) be a complex valued function denoting the acoustic transfer function from source

to the microphone, then a more appropriate model for received signal will be:

yi(f) = ri(f)s(f) +ni(f) (5:2)

Now deriving beamformers based on this general signal model will lead to elements
of steering vector being replaced by acoustic transfer function from the source to corre-
sponding microphone i.e d(f) = [r1(f) r2(f) r3(f) ... rn(f)]F. Speech distortion will
be absent only when the steering vector takes the above form.

One way of finding this steering vector is to take the eigen vector corresponding to

maximum eigen value of the source coherence matrix. From Eq 5.2, the coherence matrix
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for the observed signal can be represented as:

R, (f) = E{y(Hy" ()} = E{A(H)s(f) +n(H)(g(f)s(f) +n(f)"}
=d(f)d"(f)os(f) + E{n(f)n" (f)}

= RS(f) + Rn(f)

Here R4(f) is a rank-1 matrix and the steering vector could be obtained by finding the
principal eigen vector of Rs(f). Zhao et. al [31] uses a simplified model by assuming
speech signal undergoes a delay and a frequency dependant attenuation. The model is
given by:

vi£) = gi(£)s(N)e T +ni(f) (5-3)

where g;(f) is real valued gain factor to account for the effects of the propagation energy
decay and the amplification gain of the i*microphone. The steering vector based on this

model is given by d(f) = [g1(f)e 2™ go(f)e ™I gg(f)e 2™ gy (f)e 2T

5.1 Steering Vector Estimation

This section discusses the proposed approach to estimate the frequency dependent gain
to obtain an improved steering vector model. The steering vector involves estimation
of two parameters : the gain factor and TDOA. TDOA is computed using SRP PHAT
localization method discussed in section 2.3. Method is a slight modification of method
discussed in [31], where it find the relative gains with respect to a reference microphone.

Signal received at the microphone in a noise free scenario can be represented as:

yi(f) = gi(f)s(f)e 72/

The relative gain at the it microphone is computed by finding the ratio of cross correla-

tion between signals at i microphone and reference microphone to the auto correlation
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of the signal at the reference microphone

B (DY 0De(Dosl) _ ailh) -

E{yr(Nyr(HY — 9:(Nge(Nos(f) — g:(f)

Inorder to calculate the above expectation, [31] uses only those bins which are dominated
by speech. Speech dominant bins was found using a combination of noise floor tracking,
onset detection and coherence test. Now suppose the reference channel is noise free, then
the absolute value of cross correlation between the noise free reference channel and noisy

input signal can be expressed as:

B (i (Hyr (N = [E{(g:(f)s(f)e T 4 ni(f))(gr (£)s(F)e 72 T) ]
= 9i(£)gr(f)os(f)

(5.5)

which is same as the numerator in Eq 5.4. In this work, the reference channel was
obtained by applying DSB to the input signals. Fig 5.1 shows the block diagram for

estimating the gain. Delay block phase aligns the speech signals in all the channels using

wr o oo ] : S

Compute Normalised .
I .
valf) O——— Delay Correlation &'(f)
vs(ff O———  Delay > g'(f)
N ‘ J
Y r
Perform Yosslf)

Summation

Figure 5.1: Gain Computation

TDOAs estimated from SRP PHAT algorithm. Normalized Cross Correlation blocks
computes the expectation of each input channel with reference channel ypgp(f) as in Eq

5.4 to produce the respective gains of each channel.
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5.2 Beamforming

MVDR beamforming was performed with an improved model of the steering vector
estimated from the previous section. Noise coherence matrix was estimated from silence

region 500ms prior to each utterance. Diagonal loading factor of 1072 was used.

5.3 Automatic Speech Recognition

For the purpose of ASR, the WERs were evaluated using two acoustic models: GMM-
HMM system and a DNN-HMM system . Models trained on noisy training data of the
Chime Challenge were provided as baselines. For language modelling , trigram model was
available along with 5-gram and recurrent neural networks (RNN) language models used
for lattice rescoring. Following sections give a brief description regarding the acoustic

models:

5.3.1 GMM-HMM Model

The acoustic features were based on the Mel Frequency Cepstral Coefficients (MFCC).
A 91-dimensional feature vector was formed after extracting 13 MFCC features from
the current frame and appending it with MFCC vectors from the 3 left and 3 right
frames. After performing linear discriminative analysis (LDA), the feature vector was
reduced to a 40 dimensional vector. Each feature vector was used to model one of the
2500 tied tri-phone HMM states or senone using a multivariate Gaussian mixture model
(GMM) comprising of 6 Gaussians. Maximum likelihood linear transformation (MLLT),
and feature-space maximum likelihood linear regression (fMLLR) with speaker adaptive

training (SAT) are also applied.

5.3.2 DNN-HMM Model

The deep neural network comprised of 7 hidden layers with each layer containing 2048
neurons. The input to the network consists of 440-dimensional vector obtained by ap-

pending 40-dimensional log Mel filter bank features of the current frame with the features
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from 5 left and 5 right frames. Generative pre-training with restricted Boltzmann ma-
chines (RBMs) was performed to initialize the layers of the network. DNN was trained
with cost function based on sequence discriminative criterion using the state-level mini-

mum Bayes risk (sMBR) criterion.

36



Chapter 6

Source Localization Experiments

This Chapter presents a detailed study on the experiments conducted to test the perfor-
mances of different TDOA based source localization algorithms under various conditions.
First a brief description about database used for the experiments and how the multi-

channel data was simulated is given.

6.1 TIDigits Database

TIDigits corpus containing connected digits sequences was chosen for the experiments
in this work. Entire database consisted of a total of 326 speakers comprising of 111
men, 114 women, 50 boys and 51 girls with each pronouncing 77 digit sequences. The
adults portion of the database containing men and women were selected for simulation
purposes.The sequences were made up of : "zero", "oh", "one", "two","three", "four",
"five", "six", "seven", "eight", and "nine". For the purpose of ASR, adult database is
further split into train and test set. Training set comprised of 55 men and 57 women
speakers, while the test consisted of 56 men and 57 women speakers. For all the experi-
mented in this work, a subset of TIDigit testing set was chosen by randomly selecting 5

male and 5 female speakers containing a total of 770 utterances.
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6.2 Room Impulse Response (RIR)

The reverberant speech captured by a microphone from a source located at a fixed
position in an enclosed room can be modelled as the output of an LTI system. The
impulse response of this LTI system is referred to as RIR. Typically an RIR is separated
into two parts: early reflections and late reflections (reverberant tail). The early part
comprises of part of RIR upto 50ms after the arrival of direct path signal. Early part
help improve the intelligibility of the speech by reinforcing the sound. Signals which
arrive after larger delays (>50ms) called the late reflections severely affect the ASR

performances. Following are the different parameters which characterizes reverberation:

1. Reverberation Time (T4p): Time taken for the energy of the sound to decay by

60dB once the sound source has been turned off.

2. Direct to Reverberation Ratio (DRR): Ratio of the energy of the the direct path

to the energy of the reverberant part

3. Early-to-Reverberation Ratio (ELR): Ratio of the energy of the early part of the

RIR to the energy of the late part of the RIR.

6.3 Multichannel Data Simulation

For testing the performances of the source localization and beamforming algorithms
under different noise and reverberant conditions, multichannel data was simulated from
single channel TIDigits corpus. Habets RIR generator, a room impulse generator based
on the image method was used to obtain the required impulse responses [32]. RIRs
corresponding to two different Tgp timings of 750ms and 500ms were generated for a
source located at an angle of 45° and a distance of 2m from the centre of an 8-channel
microphone array of radius 10cm. RIRs were generated at a sampling frequency of 16kHz.

Following are the parameters involved in generating the RIRs using the simulator :
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Parameter Value Parameter Value

Room Dimensions | 6.67m x 6.14m x 6.57m Room Dimensions | 4.89m x 6.27m x 2.57m
T60 750ms T60 500ms

Mic Centre (3.27,3.50,0.72) Mic Centre (2.73,2.76,0.72)
Source Distance 200cm Source Distance 200cm

Source Angle 45° Source Angle 45°

Source Location (4.684,4.9142,0.72) Source Location (4.1442,4.174,0.72)

Table 6.1: Room1 Parameters

Table 6.2: Room2 Parameters

Eq 6.1 represents signal model used to generate reverberant noisy data :

xi(t) = h; * s(t) + n;(t)

(6.1)

where h;(t) and n;(t) represents the RIR and the noise at the i microphone respectively.

Following are the steps adopted to simulate data create such a signal model :

. The clean speech data was first convolved with the RIRs generated by the Habets
RIR generator. Microphone locations, source location, Tgg parameter and room

dimensions were given as input to the RIR generator.

. From the 8-channel background noise data provided by the REVERB challenge, a

random portion was selected with length same as that of reverberant speech data.

. A Voice Activity Detector (VAD) was used to find the regions where only speech

was present and energy of that portion was taken as the signal energy.

. Noise energy was calculated by finding the energy of the noise samples correspond-

ing to speech regions mentioned in the previous step.

. The noise was added to the reverberant speech data, after multiplying the noise

by a scaling factor to get the desired SNR

Signal &
ScalingFactor = \/WW « 10-SNR/10

NoiseEnergy

The Voice Activity Detector (VAD) was used so as to ensure that addition of silence to
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the speech doesn’t change the measured SNR .

6.4 Source Localization

The performances of different source localization algorithms were compared under vary-
ing SNR and reverberant conditions. To evaluate the performances, DOA was estimated

for each of 770 audio files in the test set and the following the measures were computed
e Mean : Average of the DOA taken across all the DOA estimates.

e Standard Deviation (Std Dev) : A measure of how much degree the estimates vary

about the mean value

e Mode : DOA estimate which occurs the maximum number of times or in other

words with the largest frequency.

e Frequency : Ratio of the count of the maximally occurring DOA estimate to the

total number of estimates

A good source localization algorithm should have mean value and mode value close to the
actual DOA, low standard deviation and frequency near to 1. Following sections shows
the performances for various source localization algorithms under different conditions for

a source located at an angle of 45° and a distance of 200cm from the microphone array.

6.4.1 In Presence of Noise

First different source localization algorithms were evaluated in noise only scenario by
varying the SNR. Signals received at the each microphone were modelled using the
equation:

yi(t) = s(t — 1) + ny(t)

Tables 6.3 and 6.4 shows the performances of Cross Correlation (CC), Smoothed Coher-
ence Transform (SCOT), Hannan Tranform (HT), Generalized Cross Correlation Phase

Transform(GCC PHAT) at 20dB and 10dB noise respectively.
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Method Mean | Std Dev | Mode | Frequency
CC 44.99 0.11 45 0.99
SCOT 45.25 7.72 45 0.99
HT 44.99 0.14 45 0.99
GCC PHAT | 45.26 8.27 45 0.99

Table 6.3: Source Localization Performance at 20dB for a source located at 45°

Method Mean | Std Dev | Mode | Frequency
CC 46.16 16.07 45 0.95
SCOT 45.24 7.77 45 0.96
HT 45.04 0.64 45 0.96
GCC PHAT | 46.70 20.47 45 0.95

Table 6.4: Source Localization Performance at 10dB for a source located at 45°

At 20dB, all the source localization algorithms were able to estimate the direction
of source with a high accuracy which is evident from mean value close to true angle,
low standard deviation and high frequency associated mode value of 45°. As the SNR is
decreased to 10dB, there is a decline in the performance of the algorithms especially in CC
and GCC PHAT algorithm. HT and SCOT algorithms doesn’t show much degradation
when the SNR is lowered. This is because of the weighing factor used in both the
algorithms which helps in giving more weight to those frequency bins with high SNR
for reliable estimation of TDOAs. HT algorithm in particular was observed to be more

robust to noise with a mean value very close to 45° and standard deviation less than 1°.

6.4.2 In Presence of Reverberation

Performance of source localization algorithms were studied in a reverberant scenario by
varying Tgg parameter. The impulses responses were simulated for a point source located
at an angle of 45° and 2m away from the microphone array with Tgg parameter of 750ms

and 500ms. Signals received at the each microphone were modelled using the equation:

yi(t) = hi(t) * s(t)
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Tables 6.5 and 6.6 shows the performances of the various source localization algorithms

for Tgp parameter of 750ms and 500ms.

Method Mean | Std Dev | Mode | Frequency
CcC 57.79 20.63 48 0.11
SCOT 46.72 5.21 45 0.54
HT 47.95 1.12 48 0.95
GCC PHAT | 47.21 3.90 45 0.56

Table 6.5: Source Localization Performance at Tgy = 750ms for a source located at 45°

Method Mean | Std Dev | Mode | Frequency
CC 58.97 28.14 50 0.05
SCOT 43.52 12.55 45 0.29
HT 48.66 2.18 48 0.48
GCC PHAT 45 3.44 45 0.59

Table 6.6: Source Localization Performance at Tgy = 500ms for a source located at 45°

In presence of reverberation, the generalised cross algorithms performed better than
cross correlation algorithm. This is because GCC algorithms exhibits sharp peaks leading
to less overlap among adjacent components as explained in section 2.2.2 making it more
robust to reverberation.

GCC PHAT which uses only phase information of the cross power spectrum has the
best performance in both the scenarios. GCC PHAT gives equal weightage to all bins
while HT method gives an additional weighing factor based on the coherence between the
channels. Even though this additional factor helped in the presence of noise, it degraded

the performance in case of reverberation.

6.4.3 Under Both Noise and Reverberation

Finally the performance of source localization algorithms were tested in the presence of
both noise and reverberation. Signals received at the each microphone were modelled
using the equation:

yl(t) = hz(t) * S(t) + nl(t)
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Tables 6.5 and 6.6 shows the performances of the various source localization algorithms

for SNRs 20dB and 10dB with a fixed Tgy parameter of 750ms.

Method Mean | Std Dev | Mode | Frequency
CcC 56.32 15.71 48 0.09
SCOT 46.74 8.78 45 0.60
HT 51.91 7.50 45 0.29
GCC PHAT | 47.33 15.90 45 0.65

Table 6.7: Source Localization Performance at 20dB SNR and Tgy = 750ms for a source
located at 45°

Method Mean | Std Dev | Mode | Frequency
CcC 63.21 34.44 48 0.07
SCOT 54.87 38.97 45 0.42
HT 78.54 57.32 59 0.11
GCC PHAT | 70.33 64.68 45 0.46

Table 6.8: Source Localization Performance at 10dB SNR and Tgy = 750ms for a source
located at 45°

In the presence of both noise and reverberation, the SCOT algorithms performed
much better than other algorithms. This is because SCOT algorithm uses a weighing
factor based on SNR making it robust to noise, while it also exhibits narrow peaks
compared to CC enabling it perform better in reverberant scenarios. On lowering the
SNR while keeping the Ty parameter same, a severe degradation in performance was
a observed with larger deviation of the estimated angle from the true angle and the

standard deviation increasing by 30%.

43



Chapter 7

ASR Experiments

This Chapter presents various results on Automatic Speech Recognition based on two
different datasets. A preliminary set of experiments were performed on the simulated
multichannel data obtained from the TIDigits database. This simulated data help pro-
vided a flexible framework for evaluating the performances of various beamforming al-
gorithms present in the literature. Second set of experiments were based on the Chime
Challenge database which provided both real and simulated data. This facilitated the
study of how the techniques perform on real data and compare the performances with

simulated data.

7.1 Experiments on TIDigits

This section continues the work done in previous chapter by comparing the performance
of different beamforming algorithms on the same database which is TIDigits. Since
the aim of this work is to improve speech recognition accuracies, the metric used for
comparing different beamforming algrorithms was WER evaluation on the enhanced
data. Following studies were performed on the simulated multichannel data obtained

from TIDigits:
1. Evaluation of source localization algorithms based on WER

2. ASR performances of various beamforming algorithms
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3. Robustness to source localization errors by WER comparison

The next section gives an overview of the speech recognition system used for evaluating

the WERs

7.1.1 Speech Recognition Engine

Speech recognition was performed using the Kaldi open source toolkit based on C++
[33]. Kaldi performs the complete speech recognition task involving feature extraction,
acoustic modelling using GMM-HMM models, language modelling, creating graphs and
decoding. The widely used 39 dimensional MFCC vectors were used as the features to
represent various phones. Phones represent the smallest unit of sound while triphones
are used to model phones based on their left and right context. But for 50 phones, the
number of possible triphone combinations will be 50% which lead to a huge increase in
the number of parameters to be learnt and consequently data required for training. So
for computational purposes, similar triphones were clustered to form senones.

The acoustic properties of a spectrum corresponding to a phone can vary greatly
depending on many factors - phone context, speaker, style of speech and so on. Hence a
Gaussian Mixture Model(GMM) was used to model the statistical distribution of both
the monophones and the senones. Parameters of the GMM were estimated using the
Maximum Likelihood(ML) estimation on clean speech training data. In this work, a the
triphone model was trained with 500 senones and 8 Gaussians were used to model each
senone. Final speech recognition output was based on the combination of GMM-HMM

acoustic model and a bigram language model.

7.1.2 ASR Performances of Beamforming Algorithms

This section compares the performances of different beamforming algorithms on noisy
reverberant data simulated from TIDigits database. The test data had SNR of 20dB
and impulse response was simulated for a source located 2m away at an angle 45° with
Teo parameter 750ms. Table 7.1 shows the WERs obtained for different beamforming

algorithms using SCOT source localization algorithms.
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Method WER (%)
Clean Speech 3.48
Degraded Speech 33.68
BeamformlIt 19.17
DSB 17.87
MVDR 17.64

Table 7.1: WERs of different beamforming algorithms at 20dB SNR and Tgy = 750ms
for a source located at 45°

Clearly an improvement is observed, with WERs reducing from 33.68 % for degraded
data to around 18% after applying multichannel enhancement techniques. Both MVDR
and DSB have similar performances, and also showed an improvement over the reference
method BeamformlIt. These beamforming techniques are not able to completely suppress
the noise and reverberation. Clearly some residual noise and reverberation are present
in enhanced data creating mismatch with training data leading to higher WER when

compared with clean speech.

7.1.3 Robustness to Source Localization Errors

Inorder to test the robustness of different beamforming algorithms to errors at the source

localization stage, steering vectors were computed using two following methods :
1. Actual TDOA computed using the known geometry (True Delays)
2. Actual TDOA rounded off to the nearest integer (Rounded Delays)

Table 7.2 shows the ASR performances of DSB and MVDR beamforming methods when
the steering vectors were obtained using Oracle Delays (ground truth) and when the

oracle delays were rounded off to the nearest integer.

Method | Oracle Delay | Rounded Delay
DSB 17.47 18.14
MVDR 17.17 20.91

Table 7.2: WER(%) of MVDR and DSB at 20dB SNR and Ty = 750ms for a source

located at 45° with steering vector estimated using oracle and rounded delays

The results in Table 7.2 shows that there is a decrease in ASR, performance of MVDR
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by 3.76% when the sample delays were rounded off to the nearest integer. This shows
that MVDR is less robust to errors at the source localization stage. On the other hand,
DSB had a decrease in WER by about 1% showing that it is more robust to source

localization errors.

7.1.4 Multicondition Training

One of the major problems of poor ASR performance in noisy and reverberant conditions
is the train test mismatch. As discussed in previous section there exist some residual
noise and reverberation after enhancement. Inorder to reduce this mismatch, the training
set was replaced by two types of data.

For creating the training set, clean speech of TIDigits training corpus was convolved
with RIR simulated for Room2 with Tgg = 500ms and speaker at a distance of 2m making
an angle 45° with respect to the microphone array (Reverb Train). Then noise was added
to above data at 20dB SNR and the second model (MVDR Train) was trained using data
obtained after performing MVDR to this noisy reverberant data.

For testing, a reduced version of clean speech data of TIDigits testing corpus com-
prising 10 speakers with RIR simulated for Room1 with Tgg = 750ms and speaker at a
distance of 2m making an angle 45° with respect to the microphone array.

Table 7.3 shows the WERs on test data after performing MVDR, beamforming models

described above.

Model WER. (%)
Clean Speech Model 17.64
Reverb Train 6.76
MVDR Train 2.8

Table 7.3: WER (%) of MVDR beamforming after decoding using acoustic models
trained on clean speech, reverberant speech and enhanced speech

Significant improvements are observed after performing multi condition training. Us-
ing the acoustic models trained on the reverberant help improve the WER to 6.76%
compared to acoustic model trained using clean speech data. This clearly shows that

there is residual reverberation present after enhancement using MVDR, beamforming.
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Finally when using acoustic model trained on MVDR beamforming is applied, the WER
has reduced to 2.8%. The results using the simulated might be over optimistic and same
performance cannot be guaranteed to real data due to two reasons. First the source was
stationary and was located at same angle of 45° for the training data and test data. This
is not practical in real world scenarios. Other reason is that noise added is stationary
background noise in a room environment. In real world, ASR system could encounter non
stationary noises which are difficult to handle. So inorder to overcome the limitations
of current experiments, the Chime Challenge data was used to evaluate performances of

algorithms in real data and compare the performances with simulated data.

7.2 Chime Challenge Results

This section describes the ASR perfromances of the beamforming algorithms on the
Chime Challenge data explained in chapter 4. Proposed approach described in chapter
5 was evaluated in real and simulated conditions and compared with performances of

existing algorithms.

7.2.1 ASR WERs using GMM-HMM trigram model

Various multichannel enhancement techniques were performed on the Chime Challenge
data and WERs were obtained using GMM-HMM system trained on noisy data with
a trigram language model. Without applying any enhancements, the average WER
obtained was 23.3%, with 22.16% for real data and 24.44% for simulated data. Table 7.4
shows the WERs obtained for different beamforming techniques. In all the beamforming
algorithms except Beamformlt, the TDOAs were estimated using SRP PHAT localization

algorithm. Some of the important observations are :

e Comparing Delay + DSB and Delay + Gain + DSB algorithms, incorporating gain
into the steering vector has helped in decreasing the WER. The average WER has
decreased from 23.3% to 12.04% after applying the latter algorithm to degraded

multichannel data.
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Method Real | Simu | Average
Delay + DSB 12.71 | 13.73 13.22
Delay + Gain + DSB 12.04 | 12.05 12.04
MCA 12.77 | 11.84 12.30
BeamformlIt 12.99 | 14.30 13.64
Delay + MVDR 17.12 | 10.67 13.92
Delay + Gain + MVDR | 12.75 | 10.48 11.62

Table 7.4: WER (%) obtained on Chime Challenge development set using a GMM-HMM

model trained on noisy data with a trigram language model

e The DSB algorithm with gain based steering vector have similar performance both

in real and simulated environments indicating it is a more robust algorithm.

e The MCA algorithm in comparison to Delay + Gain + DSB have a higher WER
in real data and a lower WER in simulated data. Only difference between both
algorithms is that MCA tries to align the phase of each channel to the reference
channel. In real data, the phase of the reference channel cannot be treated as the
phase of required speech signal due to presence of reverberation. Since simulated
data doesnot contain any reverberation, phase of signal will be close to the phase

of original speech signal and hence improvements are obtained in this case.

e Beamformlt performs a weighted delay and sum beamforming where the weights
depend on the cross correlation across channels. The superior performance of DSB
is due to presence of better SRP PHAT localization algorithm while BeamformlIt
uses GCC PHAT.

e MVDR algorithm performs best for simulated data with around 1 % absolute WER
improvement over the other methods. Unlike other techniques, MVDR is a data
dependant beamforming technique, where the filter weights are designed according
to second order statistics of the estimated noise. Due to this MVDR has a superior

performance especially when directional noises are present.

e MVDR has a comparatively poor performance in real data because it is sensitive

to microphone gains and the errors in the source localization stage. The width
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of the main lobe in case of a MVDR beamformer is very narrow leading to signal
cancellation problems in the presence of source localization errors. Simulated data

doesnot account for varying microphone gains and reverberation.

e Adding gains to the steering vector help improve the performance of the MVDR
beamforming in real data by bringing about 4% absolute WER improvement over
the baseline MVDR. Significant improvements is observed in real but not in simu-
lated compared to baseline MVDR because of absence of reverberation in simulated

data.

7.2.2 Effect of Single Channel Enhancement

To the output of best performing system in the previous section based on MVDR with
gain based steering vector, single channel enhancement techniques based on Non-negative
Matrix Factorization (NMF) were applied. Two types of NMF techniques were applied:
one using a convolutive NMF (CNMF') model and the other was convolutive NMF with

speech model (CNMF+NMF).

Post processing | Real | Simu | Average
None 12.75 | 10.48 11.62
CNMF 15.25 | 12.87 14.06
CNMF + NMF 14.26 | 12.08 13.17

Table 7.5: WER (%) obtained with NMF based post processing methods to Delay +
Gain + MVDR

As observed in Table 7.5, use of NMF based single channel enhancements have in-
creased the WERs. The degradation in performance is due to the presence of residual
noise after MVDR beamforming. NMF methods implemented are designed to deal with
reverberation, but not robust to noise. Also reverberation is not present in the case of
simulated data. Due to these reasons, NMF based single channel enhancement techniques

didn’t give any improvement in ASR WERs.
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7.2.3 Effect of DNN-HMM Model

The GMM-HMM acoustic model used was changed to a DNN-HMM model and WERs
of the different beamforming algorithms were evaluated. The architecture of The DNN-
HMM model trained on the noisy training data was explained in section 5.3.2. Table 7.6

shows the WER obtained using a DNN-HMM model with a trigram language model.

Method Real | Simu | Average
BeamformlIt 8.14 9.03 8.59
Delay + DSB 8.08 | 8.29 8.18
Delay + Gain + DSB 787 | 7.73 7.80
Delay + MVDR 12.38 | 6.25 9.31
Delay + Gain + MVDR | 8.71 | 6.60 7.66

Table 7.6: WER (%) obtained on Chime Challenge development set using a DNN-HMM
model trained on noisy data with a trigram language model

Around 4% absolute improvement in WER is obtained when the acoustic model is
changed from GMM-HMM to DNN-HMM model. This shows that DNN is better able to
model the acoustic features compared to DNN. This could be attributed to hidden layers
present in the network which is capable of effectively learning the non-linear relationship
between the features and corresponding senone class. Delay + Gain + MVDR model
produced the best results having WER of 7.66% using a DNN-HMM model compared
to 11.62% obtained using a GMM-HMM model. WER of Delay + MVDR algorithm
for real data is almost double that of simulated data. Adding the gain factor showed
improvements for real data by reducing the WER from 12.38% to 8.71%, but a minor

increase in WER was observed for simulated data.

7.2.4 Effect of Lattice Rescoring

This section shows the effect of better language model on ASR WERs. Decoding was
performed after rescoring the lattices obtained from DNN-HMM trigram model using
5-gram model and RNN language model. Delay + Gain + DSB had the best average
WER of 5.52% while Delay + Gain + MVDR performed the second best with WER. of
5.66%.
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Method Real | Simu | Average
BeamformlIt 6.85 7.75 7.30
Delay + DSB 6.59 | 7.29 6.94
Delay + Gain + DSB 6.39 | 6.66 6.52
Delay + MVDR 10.93 | 5.29 8.11
Delay + Gain + MVDR | 7.39 | 5.50 6.44

Table 7.7: WER obtained on Chime Challenge development set using a DNN-HMM
model trained on noisy data after lattice rescoring with 5-gram language model

Method Real | Simu | Average
BeamformlIt 5.76 6.77 6.27
Delay + DSB 5.55 | 6.27 5.90
Delay + Gain + DSB 5.35 | 5.69 5.52
Delay + MVDR 9.85 | 4.51 7.18
Delay + Gain + MVDR | 6.57 | 4.75 5.66

Table 7.8: WER obtained on Chime Challenge development set using a DNN-HMM
model trained on noisy data after lattice rescoring with RNN language model

As observed from table 7.7, while performing lattice rescoring using a 5-gram language
model, there is an absolute improvement of around 1% over trigram model. Further
improvement of around 1% was observed when lattice rescoring was performed using a

superior language model based on RNN.
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Chapter 8

Conclusion

As a part of this thesis, performances of various source localization and beamforming
algorithms were evaluated under different environment conditions using data simulated
based on the TIDIgits database. To test the performances on real data and compare
with performances on simulated data, the algorithms were evaluated based on the Chime
Challenge data. The performance of DSB was observed to be similar in both real and sim-
ulated data. In simulated data, the MVDR beamformer in combination with SRP PHAT
localization performed the best among other evaluated algorithms while the performance
was poor in real data. Inorder to improve the performance of MVDR beamformer in real
data, an improved steering vector was proposed to model the frequency dependant gains
due to reverberation and microphone characteristics. The proposed model reduced the
WER from 17.12% to 12.75% in real data using an ASR system based on GMM-HMM
acoustic model and trigram language model. Improving the acoustic model from GMM-
HMM to DNN-HMM increased the recognition accuracy by around 4%. Further 2%
absolute WER improvement was obtained when lattice rescoring was performed using
RNN language model.

The best performing system was DSB with gain based steering vector had an average
WER of 5.52% while the secod best system was MVDR beamformer with gain based
steering vector having average WER of 5.66 %. The back end for both systems were

based on DNN-HMM model with lattice rescoring using RNN language model.
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