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Abstract

Although humans can well perceive sounds up to 8 kHz, traditional telephone networks
were designed to limit the frequency to a lower range, approximately below 3.4 kHz, in
order to conserve the bandwidth and increase the number of voice streams transmittable
by a transmission channel. This results in degradation of perceptual speech quality of the
narrowband speech at receiving end. True wideband transmission is therefore desirable,
but this requires a significant amount of cost and time, since the whole transmission chain
including terminals and network elements need to be upgraded. This challenge can be
overcome with Artificial Bandwidth Extension (ABE) technique. ABE is a technique that
tries to recover missing low and high frequency components of the speech signal only from
the narrowband speech. By integrating ABE into the current telephone networks, we can
easily realize wideband transmission without modifying the networks and terminals.

A number of techniques have been proposed over the years for bandwidth extension
of narrowband speech signals, including methods based on codebook mapping [1] and
statistical approaches [2, B, 4]. Most of these ABE algorithms are based on the source-
filter model [8] of speech production whereby the speech signal is regarded as output of
the vocal tract filter which takes excitation source signals as input. This model breaks the
problem down into two subtasks: one is to extend the spectral envelope, and the other is to
extend the excitation signal. The extension of spectral envelope is typically considered as
the main problem of ABE since it had been shown that extension of the spectral envelope
has a large effect on speech quality of the reconstructed wideband speech [6].

It is known that the Gaussian Mixture Model (GMM) [[d] represents robustly the acous-
tic space of speech and was successfully applied to the problem of spectral transformation,
especially voice conversion [8]. Based on the successes in voice conversion, in [d] an ef-
fective approach to the problem of extending the spectral envelope was proposed. In this
approach, the spectral envelope of wideband speech was estimated using a GMM trained by
parallel data of narrowband speech and its corresponding wideband speech. This approach
showed that there was a large improvement in speech quality from the original narrowband
speech to the reconstructed wideband speech. However, the gap between the reconstructed
wideband and the original wideband speech was still large.

Stereo-based Piecewise LInear Compensation for Environments (SPLICE) [9], in which
non-linear transformation between two feature vectors is approximated by the summa-

tion of piecewise linear transformations, is an effective and widely used method in speech
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enhancement. A revised version of SPLICE, in which a discriminative model, long-span
features and regularization are introduced into SPLICE, was proposed [I0, [T, ?] and has
been shown to outperform the original SPLICE. This revised version was named REg-
ularized piecewise linear mapping with DIscriminative region weighting And Long-span
features (REDIAL). The objective of spectral envelope extension is to make a transforma-
tion from spectral envelope of narrowband speech to that of wideband speech. From this
view of point, ABE task is very similar to the scheme used in REDIAL. Therefore, in this
research we proposed a method based on the ideas of REDIAL for the ABE task.

Several experiments were carried out to examine the effectiveness of the proposed method.
Objective evaluation results reported a reduction in mcel-cepstral distortion between the
estimated wideband speech and the original wideband speech. Additionally, subjective
evaluations also pointed out that the estimated wideband speeches of the proposed method
were preferable than those estimated by other conventional methods. These results have
confirmed the effectiveness of our proposed method.
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Chapter 1

Introduction

1.1 Background

In traditional telephone networks and mobile communication systems, the speech band-
width is typically limited to a frequency range of 300 Hz to 3.4 kHz and sampled at rate
8kHz (we call this as narrowband speech from now on) due to constraints of the old ana-
logue telephone system. Limiting speech bandwidth has been shown to cause a degradation
in speech quality, speech naturalness and speech intelligibility [6]. Fig. [ and Fig. 2 show
the differences in spectrogram and spectrum of wideband speech and narrowband speech.
We can observed that the narrowband is missing the upper components from 3.4 kHz to 8
kHz. Meanwhile, human ear’s hearing range is said to be from 20 Hz - 20 kHz [12], much
wider than the frequency range of narrowband speech. Therefore, it is easy to understand
that narrowband speech has poorer speech quality than the wideband.

In recent years, due to the rapid development of IP networks such as Next Generation
Network (NGN) [I3], Long Term Evolution (LTE) [I4], the high quality wideband speech
transmission is beginning to become more available. In the future, true wideband speech
transmission will be realized and is expected to become the main transmission media.

However, the transition phase from current network to the wideband one requires a sig-
nificant amount of effort from both operators and users, since the whole transmission chain
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(a) Wideband speech spectrogram (b) Narrowband speech spectrogram

Fig.1.1: Spectrogram of wideband speech (0-8 kHz)and narrowband speech (0-3.4 kHz).
The narrowband speech has been up sampled for better comparision.
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(a) Wideband speech spectrum (b) Narrowband speech spectrum

Fig.1.2: Spectrum of wideband speech (0-8 kHz)and narrowband speech (0-3.4 kHz). The
narrowband speech has been up sampled for better comparision.

including terminals and network elements are required to support wideband transmission.
During this long transitional period mixed telephone networks with both narrowband and
wideband terminals will exist due to economical reasons. Nowadays, besides the tradi-
tional model, a lot of terminals which support wideband codec have been developed. Since
wideband transmission requires both the sending end and receiving end to have wideband
codec feature, the transmission between traditional model and new model of terminals will
not be the wideband transmission, but the traditional narrowband one.

This challenge can be overcome by Artificial Bandwidth Extension (ABE) technique:
missing low and high frequency components of the speech signal are recovered at the re-
ceiving end of the transmission link utilizing only the band-limited speech. The underlying
assumption is that narrowband speech correlates closely with the highband signal, and
hence, the higher frequency speech content can be estimated from the narrowband signal.
Fig. 33 illustrates how ABE can be integrated into the existing telephone networks.

A number of techniques ([}, [T5]-[36]) have been proposed over the years for bandwidth
extension of narrowband speech signals. Most of these ABE algorithms are based on the
source-filter model [5] of speech production whereby the speech signal is regarded as an
excitation source signal that has been acoustically filtered by the vocal tract. This model
breaks down the problem into two subtasks: one is to extend the spectral envelope, and
the other is to extend the excitation signal. For the first one, several approaches have been
made including, approaches based on codebook [I, 18], neural networks [I7, IR, 9], linear
mapping [20], Bayesian methods based on GMM [B, 21, 22|, HMM [P4, P, 5] as well as
joint approaches. For the latter one, several algorithms such as, non-linear characteristics
[26, 2], spectral translation [28, 29|, signal generators [30] have been proposed.

State-of-the-art schemes show significant improvement in quality versus narrowband
speech; however a clear gap in speech quality compared with true wideband speech is
still reported. Many efforts have been made to improve the estimation of highband speech
by using some auxiliary information together with the narrow-band speech signals [31, B2].

-9
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Coding &
AD :> Transmission :> D/A

(a) Traditional model of telephone transmission. In this model, the speech recovered at
the receiving end is narrowband speech.
MO0 0

=

| 4 Coding &
AD Transmission ABE D/A
y |

(b) New transmission model by integrating Artificial Bandwidth Extension technique. The nar-
rowband speech transmitted from the sending end will be used to estimate the missing highband
at the receiving end. This eventually results in a wideband speech.

Fig.1.3: Traditional model and revised model using ABE technique of telephone network.

Although improvements in speech quality have been made, these approaches require a
modification of the network (better terminal, new codecs, etc). As ABE is a solution for
realizing wideband transmission without making any changes of the existing network, in
scope of this thesis, we will not consider these methods.

1.2 Objectives of the thesis

This thesis is oriented to conduct an investigation about the mechanism of ABE together
with several common methods to realize it. After that, a new approach for ABE based
on REgularized piecewise linear mapping with DIscriminative region weighting And Long-
span features (REDIAL) [I0], a method recently proposed for feature enhancement, will
be presented. In details, the followings will be covered in this thesis.

1. Study the background and general framework of ABE system.

2. Introduce several typical methods for ABE system.

3. Explain the proposed REDIAL-based method for ABE.

4. Implement and evaluate the performance of the proposed method.

~10-



Chapter 1 Introduction

1.3 Organization of the thesis

The remainder of this paper is organized as follow. In Chapter. R, an overview about the
source-filter model of speech production will be introduced. After that, a general framework
of Artificial Bandwidth Extension which based on this source-filter model will be presented.
Moreover, several typical algorithms to realize ABE (e.g spectral translation, codebook,
GMM, HMM methods) are also discussed in this chapter. In Chapter.B, we begin with a
discussion about drawbacks of conventional methods for ABE and then present a recent
research which tried to deal with those drawbacks. In Chapter.d, we further analyze the
limitation of the method described in Chapter.B3. After that, we proposed a method based
on REDIAL to resolve this problem. Then we explain an ABE system which will be
used in our experiments. In Chapter.B four experiments to evaluate the effectiveness of
the proposed method are introduced. Finally in Chapter.Bd, we will summarize the whole
works in this thesis and discuss about the future works of our research.

11—
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Chapter 2 Artificial Bandwidth Extension System

2.1 Introduction

As mentioned in Chapter.l, most of current ABE algorithms are based on the source-
filter model [G] of speech generation. In this chapter, we will present this speech generation
model, following with how ABE is realized under this model.

2.2 Source-Filter Model

Fig. 1 show a diagram of the human speech production system. An air flow is produced
from the lungs, then it is passed through other organs such as trachea, larynx, mouth, etc.
When this air flow emanating from the mouth and the nostrils, a speech sound will be
generated. The organs related to this speech production process are normally divided into
3 groups: the lungs, larynx and vocal tract (oral cavity, nasal cavity, pharynx). The lungs
are source of power and the larynx provides periodic or noisy airflow (random noise) to the
vocal tract. The vocal tract spectrally shapes this airflow and a speech sound is generated.

Nasal Cavity

Nostril

Pharyngeal
Cavity

Larynx
Esophagus

Trachea

——Diaphragm

Fig.2.1: Human speech production system

The source-filter model is motivated by studies of the above process of human speech
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Chapter 2 Artificial Bandwidth Extension System

production [G]. In this model, the speech signals are considered to consist of two parts.
One part describing the excitation signal from the source and another part describing the
synthesis filters. Speech signal is produced when an excitation signal is passed through
the synthesis filter (see Fig.EZ2). The excitation and the filters will be described in the
following sections.

2.2.1 The excitation signal

The excitation signal corresponds to the signal that could be observed directly behind
the vocal chords at the larynx. For its generation, the source part of the source-filter model
is differentiated between two scenarios:

e For voiced sounds, the excitation signal is modeled by a pulse train.

e For unvoiced sounds a noise generator models the excitation signal.

In reality, the excitation is typically a mix of two with one of them dominating.

2.2.2 The filter models

Typically three filters are used to model the speech production: The Glottal Pulse Model
G(z), The Vocal Tract Model V' (z) and The Radiation Model R(z). Under the assumption
that speech is stationary in short speech frame, these models can be considered as time
invariant. The glottal pulse model is only used to model speech in the voiced case. The
vocal tract model is modeling the region from the vocal chords and the glottis to the lips.
The radiation model takes into account the radiation which occurs at the lips. These
models combine together make a filter called Synthesis Filter H(z):

H(z) =G(2)V(2)R(z) (2.1)

When LP analysis is performed on a speech signal, an excitation signal and an analysis filter
A(z) is obtained. The synthesis filter is the inverse of the analysis filter, i.e: H(z) = 1/A(z).

Impulse train Voiced
_|J_|_|_ Generator | © Gain
\ ! Synthetic
Vocal tract Speech
filter H(z)

Random noise | Unvoiced
——e
Generator

Fig.2.2: Source-filter model for human speech production system

— 14—
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Estimation of

» wideband spectral
envelope
awp (k)
Snb(k’)
A2
2 . 2 R
s(k) Up sampling | Analysis u“b(k) Estimation of uwz’(li) Synthesis Suwb(F)
) 8—16kHz i Filter ”| wideband excitation 4 Filter .

Fig.2.3: Signal flow of Bandwidth Extension algorithm

2.3 Basic scheme of Artificial Bandwidth Extension

The usage of source-filter model in approach toward ABE is motivated by its extensive
use and success in the field of speech coding. By adopting this model, ABE is commonly
separated into two sub-taks: one for the estimation of wideband spectral envelope and the
other for extension of the excitation signal of the speech (Fig. 23).

The narrowband speech signal is first up sampled to 16 kHz and is analyzed to obtain
feature vectors which represent the spectral envelope (LSF, MFCC, MCEP, etc).The spec-
tral envelope of the corresponding wideband speech will be estimated using these features
and statistical models trained in advance (more details in Chapter.B). From the estimated
wideband spectral envelope, coefficients of the analysis filter are obtained and will be used
to extract the excitation signal of the narrowband speech. The extracted narrowband ex-
citation signal in its turn will be used to estimate the wideband excitation signal. Since
the synthesis filter is the reverse of analysis filter, we can easily achieve the synthesis filter
from the estimated wideband spectral envelope. The estimated wideband speech signal
is now made by driving the estimated wideband excitation signal through the estimated
synthesis filter.

In summary, in order to realize ABE, it is essential to estimate the wideband excitation
signal and the wideband spectral envelope. There have been several algorithms proposed
for these two tasks so far. In the next sections, we will discussed in more details about

these algorithms.

~15—



Chapter 2 Artificial Bandwidth Extension System

2.4 Estimation of Wideband Excitation

2.4.1 Estimation Using Non-Linear Characteristics

In this section, several non-linear characteristics which are appropriate for extending
the narrowband excitation signal, such as Half-way Rectification, Full-way Rectification,
Quadratic characteristic, Cubic characteristic, etc will be presented. It can be proved
that applying a non-linear characteristic to a harmonic signal produces sub- and super-
harmonics. Take quadratic characteristic as an example. Denote u,/,,(k; m) as the excita-
tion signal of the m* frame of narrow-band signal and wide-band signal respectively. The
application of a quadratic characteristic in the time domain corresponds to a convolution
in the frequency domain.

Uy(n) = up(n)
& B, (%) x B, (e7%) (2.2)
_ Z E,(e7%) % E, (/%) (2.3)
_ Ew<6j9k) (2.4)

The biggest advantage of applying non-linear characteristics for extension of the excitation
signal is the production of well placed harmonics.

i) Half-way and Full-way Rectification

1. Half-way Rectification:
<
ﬁw(/f) _ { 0 (un<k) = O) (25)

2. Full-way Retification:
Uy (K) = |un(F)] (2.6)

The half way rectification rectifies to alternating current by blocking the negative half
wave and passing the positive half. For its part, full way rectification applies a reversion
on the negative half wave of the alternating current. Both the half way and full way
rectifiers produce output signal which is non-zero mean. The half-way rectifier produces
even harmonics including the fundamental frequency (Fig.Z4) and is not power conserv-
ing. Meanwhile, the full way rectifier produces even harmonics without the fundamental
frequency (Fig.Z4) and is power conserving. The disadvantages of these method is that
there is a spectral gap at the cut-off point of narrowband and wideband signal.

~16-—
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10Hz sine wave

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
FFT of the 10Hz signal sampled at 100Hz

50 T T T T T
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Full-Wave Rectified signal
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FFT of Full-Wave Rectified signal
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50 N\AN —
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Half-Wave Rectified signal

A A A A AW AW AW A A AT

0 0.1 0.2 0. 0.8 0.9 1
FFT of HaIf Wave Rectlfled signal

40 T T T T T

oL | | S | ]
o A 0 . A\ n

-60 -40 -20 0 20 40 60

Fig.2.4: Effect of applying half and full way rectification to a 10 Hz sine wave

ii) Quadratic and Cubic Characteristic
1. Quadratic characteristic:

G (k) = uZ (k) (2.7)

2. Cubic characteristic:

G (k) = u? (k) (2.8)

In both cases, the power of the signal is changed. The quadratic characteristic produces

non-zero mean output signal, while the cubic characteristic produces zero-mean output

signal if the input signal is zero-mean and symmetrically distributed. The quadratic char-

acteristic produces the second harmonic without the fundamental frequency, while the cubic

characteristic produces the third harmonic including the fundamental frequency (Fig. 23).

The drawback of these methods is that they color the estimated excitation signal.
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10Hz sine wave

0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
FFT of the 10Hz signal sampled at 100Hz
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0 1 1 W | L
-60 -40 -20 0 20 40 60

Quadratic characteristic applied signal
1 T T T T T T T T T

0.5h |
0
0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
FFT of Quadratic characteristic applied signal
100 T T T T T
50 .
0 ! AW A AN !
-60 -40 -20 0 20 40 60

Cubic characteristic applied signal

0 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9 1
FFT of Cubic characteristic applied signal

40 T T T T T

- BRSPS N R S

0 A LW A RS\ W

-60 -40 -20 0 20 40 60

Fig.2.5: Effect of applying Quadratic and Cubic rectification to a 10 Hz sine wave

2.4.2 Estimation Using Spectral Translation

Spectral Translation (also called Spectral Modulation) is one of the most commonly used
methods for estimating the missing high-frequency components of the excitation signal
(Fig.Z@) [2R, 29]. The basic idea behind this approach is to ”shift” the spectrum of
narrowband excitation signal into the upper part of the spectrum, then combine them to
make the wideband excitation signal.

Gep(k) = Unp (k) x eIk (2.9)
Enp(67%) x 8(Q — Q) = By (e9) (2.10)

which means,
Enp(e77) = Epy(e?07) (2.11)

As we can see from above equations, the multiplication operation in time domain corre-

sponds to the convolution in frequency domain and finally results in a shift.
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ejQMk

>(X)— > HPF
ueb(k)

(k) = i (k)

Z

Fig.2.6: Extension of the excitation signal by modulation. The delay ¢ is introduced to
compensate for the delay in HPF

By selecting the modulation frequency €2;; several modulation schemes can be chosen:

1. A modulation with the Nyquist frequency, i.e., Q2 = w. In this case, there is a
spectral gap in 4,,(k) between 3.4 and 4.6 kHz. the discrete spectral components of
the extended frequency band are no harmonic of the fundamental frequency.

2. To prevent the spectral gap, the modulation frequency can be chosen such that the
shifted spectrum is a seamless continuation of the baseband spectrum: Q,;, = Q34 =
2773'4]’?%, where f, denotes the sampling rate. In general, there is a misalignment of

discrete spectral components in the extension band during voiced sounds.

Informal listening tests have shown that, assuming the bandwidth extension of the spec-
tral envelope works well, distortions of the excitation signal at frequencies above 3.4 kHz
are almost inaudible. Furthermore, a misalignment of the harmonic structure of speech
at high frequency does not significantly degrade the subjective quality of the enhanced
speech. Therefore, the modulation with the fixed frequency of €23, = €254 is normally used

considering the balance between subjective quality and computational complexity.

2.5 Estimation of Wideband Spectral Envelope

As stated earlier, there are many algorithms for spectral envelope extension, including
algorithms based on linear mapping, neural network, codebook, Bayesian methods based
on GMM, HMM, etc. In following sections, three often-used algorithms, namely codebook,
GMM and HMM will be discussed.
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2.5.1 Codebook-based algorithm [1]

Suppose x, y to be the feature vectors of the narrow-band and wide-band signal respec-
tively. A joint vector z = [£",y"]" then can be generated. The codebook denoted C,
is trained using the joint feature vectors z; consisting of both narrowband features and
wideband features.

Each entry of codebook C, can be divided into two parts which represent the narrowband
and wideband features respectively as following equation:

C.(i) = [Ca (i), Cy (1)) (2.12)

Here, C,(i) is the part of the entry describing the narrowband features and C, (i) is the
part of the entry describing the wideband features.

After acquiring codebook C, and "sub-codebooks” C,, Cy, an estimation of y can be
obtained from «. This can be done as follow:

*

it = argmaxd(z, Cy(i)) (2.13)

2

g o= G (2.14)

where d() is a distortion measure (Euclidean distance for example). The training of code-
book C, will be introduced in the next section.

i) Codebook training using LBG algorithm

The Linde, Buzo and Gray (LBG) is a simple and well-known algorithm for training
codebook [I5]. LBG algorithm is like a K-means clustering algorithm which takes a set of
vectors z; as input and generates a representative subset of vectors C, = {C,(i)|i = 1...K'},
where K < N is a specified parameter, as output. In practice, K is normally set to 256,
512, 1024 or even larger depends on the size of training set. The algorithm can be performed
in the following steps:

1. Initialization: Define parameters of the codebook and the training.
e K: number of vectors in the codebook (codebook size, normally 256, 512, etc)
e ¢ > (: the distortion threshold
e K initial entries to form the initial codebook C(i),7 € {1,2, ..., K}. This can be
chosen randomly from the T training features.
At start, set iteration counter [ = 0 and initial distortion D_; = oo

2. Quantization: Quantize each training vector z; using the codebook C'(i) as below:

it = arg min d(z, CL()) (2.15)

2 Q(z) = CL() (2.16)
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Stack features

N

Fig.2.7: Training procedure for codebook method

3. Distortion: Calculate the average distortion between z, and its quatized value, Q(z;):

T
1
D'= ; d(z, Q(z1)) (2.17)
4. Judgment Condition: Check if the distortion have decreased enough. If
Dl—l _ Dl
<S¢ (2.18)

C! will be output as the final codebook, else continue with 5.
5. Update the codebook C!: For all i, calculate the mean of all the 2z; quantized into the
i" codebook entry.

Ci(i) = %Zzt (2.19)

t=1

Increase [ =1+ 1 and go to 2.

Fig. 270 illustrates the general framework for codebook-based method.

ii) Discussion

Codebook implementation only looks at snapshots of the speech, and not how it evolve
over time. Therefore, no inter-frame modeling is done, and one could imagine that it would
result in valuable information being lost. (Fig.ZR) shows a clustering result using LBG
algorithm. In Fig.Z8, there are 259 spectral envelopes which have been clustered to a
codebook entry C,(40). However, as can be seen in the figure, the shapes of the spectral
envelopes in that entry are quite different. This is not good since it is desired that spectral

envelopes being clustered in same entry should have similar (or almost the same) shape.
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Fig.2.8: Spectral envelopes representing the extension band. Blue curves are those used in
training. The red one is obtained from codebook entry C,(40)

2.5.2 GMM-based algorithm

In codebook approach, spectral mapping is realized based on hard clustering and dis-
crete mapping. Compared to the codebook approach, the GMM allows soft clustering and
continuous mapping. The basic mapping algorithm was originally proposed for voice con-
version. In the following section, spectral mapping based on GMM with Minimum Mean
Square Error (MMSE) criterion [3] will be discussed.

i) GMM training

Let x; and y; be the D -dimensional narrow-band and D,-dimensional wide-band feature

vectors at frame t respectively. Then the joint density of vector z; = [z;7, y,7]* is modeled
by a GMM as follows:
M
P(z0) = Zme(zt; l‘l'g)j)a E,(;)) (2.20)
m=1

where 6 is a parameter set of GMM, which consists of weights w,,, mean vectors u,, and
covariance matrices 3,,. The GMM is trained with EM algorithm using the joint vectors
in training set. The training process includes the following main steps:
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v Convergence
. M-step
itiali ; e Update GMM
Initialize @ ; E-step log[L(6")] — log[L(0~1)]| < ¢ pdate
parameters

0
Fig.2.9: EM algorithm for training a GMM

1. E-step: Calculate the posterior probability for the every feature vectors of the training
set of observations:
win'/\/‘(zt; me Ein)

P(m; z,0") =
iz ) Souly whN (245 i, 330,

(2.21)

where [ is the iteration counter.
2. Convergence check: Calculate the log-likelihood for the entire training set as below:

log[L(6")] = Y _10g[> _ wiN (265 rys 1) (2.22)
k=1

t=1

, then check if this log-likelihood is converged:
[log[L(6")] — log[L(0"1)]| < e (2.23)

e > 0 is a pre-defined parameter. If the log-likelihood satisfies above condition, then
the parameters w! , u! X! will be output. Otherwise, go to M-step.
3. M-step: Update GMM parameters as followings:

T
1
wf:[l = fZN(ma zt7l-1’£n72?m) (224)
t=1
T
. Do N(m; 2, ph,, 30 21 (2.25)

>ty N(m; 2, iy, 5,
El+1 — ZZ-':]_ N(m7Zt7u£n,E£n)(Zt - /J“’ln—l‘rl)(zt - H”ln—’ib_l)—r (2 26)
" Sy N(ms zi, il B

The EM algorithm is summarized in Fig. Z79.

The mean vectors y,g,f) and covariance matrices Efﬁ) can be decomposed two 2 compo-

nents which correspond to narrowband and wideband as follow:

i
i

(@2) 2(av)
) — s _ | Zm Xm
m ) 2%/93) Eg{{y)

m

(2.27)
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ii) Estimation of wideband feature with MMSE

The estimation of wideband feature y from narrowband feature x based on MMSE
criterion is as follow:

Y = argmin El(g - yt)T(?J — )|, 0] (2.28)
]

To minimize this, the differentiation of the right side regarding y must be 0, which means:

29 — 2E[y:|z;,0] =0 (2.29)
Therefore,
Yr = Elyilz:, 0] (2.30)
M
g = Y Plmlz,0)Ely|a,6,] (2.31)
m=1
M
g = Y P(mlaw,,0)E,, (2.32)
m=1
where

W N (4 ), E(M))

P(m|xz,,0) = 2 (2.33)
SN wiN (g ™, B
E, .= pl¥ + =) (5@*))- <mt—u£s>> (2.34)

2.5.3 HMDM-based algorithm [2, 24|

In this approach, the extension of spectral envelope of speech signal is based on a wide-
band codebook, and the codebook search is based on an HMM of the speech generation
process. Each state S; of the HMM (i = 1, ..., Ng) is assigned to a typical entry C; of the
codebook. For each possible state S; of HMM, the feature & which are generated by the
speech production process exhibit different statistical properties, which can be described
by the following 3 parts:

1. Observation Probabilities p(x|S;) Since z is multi-dimensional vector with continuous
range of values, the observation probabilities are modeled by GMM:

p(x|S;) ZPﬂN x: i, Lir) (2.35)

For each state of the HMM, one distinct GMM has to be trained using the subset of
the training data.

Y/
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2. Initial state probabilities m; = P(S;): describes the probability that HMM resides in
state S; without incorporating any knowledge of the preceding or following states.
3. Transition Probabilities a;; = P(S;(m + 1)|S;(m))

Utilizing these above HMM parameter sets, an estimation of parameter vector y can be
performed as follow.

g(m) = Ely(m)|X(m)) (2.36)
- / y(m)p(y(m)| X (m))dy(m) (2.37)

= ) P(Si(m)| X (m))

i=1

. / y(m)p(y(m)|Si(m), 2(m))dy(m) (2.38)

(2.39)

where

P(Si(m)[ X (m)) =

);
p(Si(m), X (m)) = p(e(m)|Si(m))p(Si(m), X (m — 1))

p(z(m)|Si(m)) = ZpilN(w<m>;Hw,ithw,il>

References Some other estimation rules were also proposed as follow:
ML g = y;, with i, = argmax; p(x(m)[S;(m))

MAP g =y, with i, = argmax; P(S;(m)|X (m))
hard-MMSE § = Y7 9, P(S;(m)| X (m))

2.6 Summary

In this chapter, the source-filter model of speech production process has been introduced.
After that, a general framework of Artificial Bandwidth Extension based on this model has
been presented. As in this framework, the ABE problem is divided into 2 sub-problems:
Estimation of wideband excitation signal and Estimation of wideband spectral envelope.
For the first problem, several methods based on non-linear characteristics or spectral modu-
lation have been discussed. For the second problem, three common approaches (codebook,
GMM, HMM) with their detailed mechanism have been presented.
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3.1 Introduction

In Chapter.B, we have discussed about the mechanism of ABE and several common
methods to realize it. As revealed in previous works on ABE, the estimation of wideband
spectral envelope plays more important role than the estimation of wideband excitation
signal. Therefore, compared to work on estimating excitation signal, more efforts have
been put on the problem of estimating spectral envelope. In Section.Z3, three methods
based on codebook, GMM and HMM for spectral envelope extension have been presented.
Codebook approach bases on hard clustering and discrete mapping, while GMM and HMM
approaches use soft clustering and continuous mapping. In previous works on ABE, ex-
periments result have shown that GMM and HMM approaches have better performance
than codebook approach, but no significant difference have been found between GMM and
HMM approaches. In our research, we focus on GMM approach and treat it as a target
for comparison.

Although the GMM-based approach described in Section. 22 is reported to have rela-
tively high performance, it still has problem that is considered to make the performance
degraded. In [4, 8], the authors have pointed out the reason is due to ignoring an inter-
frames correlation. Fig.B shows the trajectories of target and and converted features.
We can see that although the two trajectories have similar shape, they still have several
local differences, such as those marked with ellipses in the figure. In [4], in order to realize
the feature correlation between frames, an algorithm has been proposed by introducing
dynamic features. The estimation of wideband features is based on the Maximum Likeli-
hood Estimation (MLE). In the next section, the MLE-GMM-based ABE method will be
described.

3.2 MLE-GMM-based Bandwidth Extension [4, 8]

Let x = [x],x),...,x}]" be the feature vectors characterizing the narrowband and
y = [y, ys,...,y%]" be the feature vectors characterizing the wideband speech. X; =

], Az/]" and Y; = [y, Ay/]" define feature vectors consisting of static and dynamic
features at frame t of narrowband and wideband speech, respectively.

In the training step, we model the joint probability density of the source and the target
features by a GMM as follows:

M
P(Zi;0) = > wnN(Z; pi?, 57 (3.1)

m=1

0 defines a parameter set of GMM, which consisting of weights, mean vectors and covariance
matrices. M is the total number of mixture components of GMM, and m is GMM index.
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Fig.3.1: The difference of target mcep coefficients and converted mcep coefficients

The mean vectors and covariance matrices can be decomposed as below:

(X) (XX) (XY)
/J’grLZ) = “7(7;/) 7E£nZ) ET(TLYX) 2TYY) (3.2)
The conditional probability P(Y,"|X,", m;0) is given by:
P IX] i 0) = N (Y BT DLY) (33)
where
EY) = plY) + BYOSX0 (X, - pl) (3.4)
DY) = (YY) _ 5(YX) 5 (XX) ™ 53(XY) (3.5)

In the conversion step, firstly, we can write the time sequences of feature vectors of nar-
rowband and wideband speech as follow:

X=X/, X, X" (3.6)
Y = Dfl—rv Y2T7 P Y]\'[F]T
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A time sequence of the converted static feature vectors g = [§, , 9, ,...,¥x]' is then cal-
culated as follows:
y = argmax P(m|X,0)P(Y|X,m;0)
y
subject toY = Wy (3.8)

where W is a matrix which maps a sequence of static features the corresponding sequence
of static and dynamic features (see Fig.B32).

W
1 0 0 o | ... 0
o | o5 | o o | 0
0 1 0 O | 0
o5l o los | o | = .
2DT o | o | 1 o | e o
P — o5 | o | o5
O | s 0 0 1
B — o |os | o
DT

Fig.3.2: The W matrix which used to convert a sequence of static features to a sequence
of static and dynamic features

This problem can be solved by EM algorithm, in which the following auxiliary function

is iteratively maximized:

QY,Y) =) P(m|X,Y,0)log P(Y,m|X;0) (3.9)

allm
The detailed calculation is omitted, but the first derivative of Q(Y, Y) with respect to Y
becomes as below:

8Q(;f7 Y) _ _WTD(Y)*lwy + WTD(Y)flE(Y) (310)
Yy
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To maximize Q(Y, f/), above derivative must be 0, therefore the solution for Equation
(BXR) is given by,

g= (W' DY) "'W)"'W' DY) EY) (3.11)

where D)™ DY) E(Y) are defined as follows (see [R, 0] for more details):

DY) :diag[Dgy)_l, s D;Y)_l]

DY TEY) =DM 'EM . DY EM)

DX = Z Y DY) (3.12)
Dt E(Y Z Y tD(Y )

Y.t =P(m|XtT, Y,';0)

3.3 Results

Fig.B=3 shows an example of the converted trajectories of the conventional GMM method
and the proposed MLE-GMM method [8]. While the converted trajectory of conventional
GMM method shows inappropriate dynamic characteristics, the trajectory yielded by MLE-
GMM method does not have those problems. A listening test result in [d] also pointed out
that the MLE-GMM significantly outperforms the conventional GMM method.

3.4 Summary

In this chapter, a GMM-based method for estimating wideband spectral envelope with
MLE criterion has been introduced. This approach was motivated by the using of static
features together with their dynamic features to realize the inter-frames correlation. Signif-
icant improvement in experiment results (compared with traditional GMM method) have
been reported in [4]. In our research, we will consider the MLE-GMM-based approach as
a comparison target.
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Fig.3.3: Converted trajectories by the conventional GMM and MLE-GMM methods
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4.1 Introduction

In previous chapters, we have presented the general framework of ABE and several
approaches to the problem such as GMM, HMM method. Although these approaches
are reported to regenerate wideband speech with relatively high quality, an obvious gap
between the generated speech and the original speech is still recognized. Therefore, there
is still space to improve the performance of ABE system.

We started our research by investigating “potential” drawbacks of conventional methods.
As the statistical approaches showed much better performance than other approaches, we
have decided to focus on them. As discussed in previous sections, the statistical approaches
for ABE aim to make a mapping function between the narrowband and wideband features.
This task is normally performed by using the narrowband (or narrowband & wideband)
features to divide the feature space into sub-spaces, then estimating linear transformation
functions in every sub-space. The conversion will be performed in each sub-space, and
finally the estimated wideband features are obtained by summarizing all estimated features
in each space. However, as the characteristics of narrowband feature space are normally
different from those of wideband feature space, a mismatch in feature space probably occurs
and consequently affect the accuracy of the conversion.

Speech enhancement which attempts to estimate the clean speech from an noisy input
speech is a similar task to our ABE task. If we consider clean speech as wideband speech and
noisy input speech as narrowband speech, the speech enhancement task becomes exactly
the same as ABE task. In speech enhancement, Stereo-based Piecewise Linear Compen-
sation for Environments (SPLICE), a statistical method works on the same mechanism
as that of GMM, HMM approaches for ABE, is one of the most often-used algorithms.
However, the same mismatch problem during the feature space division step was also re-
ported [I0]. To resolve this problem, in [[0] proposed a new method called DIscriminative
region weighting And Long-span features (REDIAL) by modifying the original SPLICE
algorithm. Experiment results have shown the effectiveness of the REDIAL method. From
the similarity of ABE and speech enhancement task, we hope that REDIAL will also work
well in ABE task.

In this chapter, we first give an overview about SPLICE algorithm, and then describe
our proposed REDIAL-based method. After that, we will introduce an ABE system which

will be used in our experiments.

4.2 SPLICE algorithm for speech enhancement [9]

SPLICE is an effective and widely used approach in speech enhancement. Different from
GMM approach, in which posterior probabilities of indexes of GMM of joint feature vectors
were used for space division, SPLICE uses posterior probabilities of indexes of GMM of

—-33-—



Chapter 4 Proposed algorithm based on REDIAL

corrupted input feature vectors.

Let  and y be N-dimensional feature vectors of clean speech and those of corrupted
speech, respectively. In original SPLICE, an estimate & of the clean speech feature is
calculated as follows:

K
£= plkly) Ay’ (41)
k=1
where ¢y’ = [1,y"]" is an augmented feature vector. Ay is an conversion matrix in region
k which is trained as described below.

First, a K-component GMM is trained using corrupted feature vectors y;.

p(y) =D wiN (y; pr, Si) (4.2)

k=1

Next, the conversion matrix Ay is estimated using minimum mean square error criterion

as follows:
I
A, = argi‘min Zp(ldyz)Hch — Awyl))? (4.3)
k=1
Define f(Ay) as below:
I
F(AR) =) p(kly:)l|: — Aryl]” (4.4)
i=1

The first derivative of f(Aj) with respect to A, must be equal to 0 to minimize the mean
square error in Equation (E):

0f(Ar)
=0 4.5
A, (4.5)
With any symmetric matrix W, we have the following formula:
0 T T
a—A(az — As) W(x — As) = 2W (x — As)s (4.6)

Using the above formula, we have:

e — Apylll? 0w — Ayyl)  E(x; — Avyy)

= 4.7
0A 0AL (4.7)
= —2E(z; - Akyz{)yz{T (4.8)
Hence, Equation (EH) becomes:
I
Zp(k|yz)E(mz - Ak:yz{)yz(T =0 (4.9)
i=1
XPY' —AY'PY' =0 (4.10)
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Fig.4.1: An conceptual diagram of SPLICE transformation from noisy feature y to esti-
mated clean feature @. k is index of the sub-spaces

where,
X =[xixs...x)]

Y' =[yy5--y1l (4.11)
P =diag{p(kly.),p(kly2), .., p(klyr)}
Finally, solution of Equation (E33) is:

A, = XPY' (YPY' ) (4.12)

An estimate @ of the clean speech feature is now calculated by substituting A, into
Equation (). Fig.A illustrates the mechanism of SPLICE transformation.

4.3 Dlscriminative region weighting And Long-span
features (REDIAL) [10, 11

REDIAL was first proposed in [I0] for speech enhancement, in which a joint vector
[y",nT]", consisting of a corrupted feature vector y and an estimate vector fv of noise

feature vector, is used instead of the corrupted vector y alone. Moreover, a discriminative
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model (LDA + GMM) is introduced to space division step to calculate the posterior prob-
abilities of the clean feature GMM using the corrupted features. The estimation of clean
feature vector becomes:

K
T = Zp(le[yTvﬁlT]T)Ak[l?yT’rfLT]Tv (4'13)
k=1

where L is a conversion matrix of LDA trained by using joint vectors [y',n']T with
posterior probabilities of indexes {k} of clean GMM as their labels. The conversion matrix

A, is estimated as below:

1

Ay = argmin Y p(klv;)[|lz; — Ax[1,y " AT (4.14)
A i=1
where v; = L[y",n"|" are converted vectors of LDA. By using LDA, dimensionality

of feature vectors can be reduced effectively. Moreover, using clean GMM indexes as
labels of LDA is expected to improve the overall performance, since the purpose of speech
enhancement is to estimate feature vectors in clean space. The effectiveness of this has
been shown in [I0].

In addition to the method described above, the authors also considered using a joint vec-
tor of several adjacent frames instead of feature vector of only a single frame. However, to
avoid the over-fitting problem that might occur since the vectors dimensionality increases,
regularization was used. By concatenating adjacent frames features, the input information
increases, therefore an improvement in estimation of clean feature is expected. In [I1], the
authors have confirmed the effectiveness of this method.

4.3.1 Proposed method: REDIAL-based Bandwidth Extension

In this research, we adopted the method explained in Section.E=3, to solve the problem
of spectral envelope extension. Its detailed procedure is explained below:

1. Extracting feature vectors {x;},—1 1 of wideband speech, and {y;}i—1,. s of narrow-
band speech. Define v; is a joint vector of several feature vectors of frames adjacent

to frame i.

2. Training a GMM using wideband feature vectors {x; };—1, s and calculate {p(m|x;) }i=1.. 1.

3. Training LDA using joint feature vectors {v; };,—1__ with {p(m|x;)},—1_r as their class
labels. After obtaining the conversion matrix L of LDA, calculate converted vectors
z; = Lwv;.

4. Training a GMM using the converted vectors z; and calculate probability p(k|z;).

5. The linear conversion matrix Ay is estimated using a weighted minimum mean square
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Fig.4.2: Tllustration of the space division step in REDIAL method

error criterion with regularization as below:

I
Ay, = argminzp(k|zi)||mi_Akvi_ukHQ
k=1

+ A AP (4.15)

where py is mean of component k of the GMM of wideband feature vectors and A\ is
regularization parameter. Solution to this problem is given by:

A, =X'PY'"(Y'PY'" + \E)™!, (4.16)

where X" is the sequence of feature vectors ] = x;—p, and Y is the sequence of joint
feature vectors v;. P is a diagonal matrix given by P = diag([p(k|z1), ..., p(k|2z1)]).
6. Finally, estimation of wideband feature vector given the narrowband one is as follow:

K

£ =Y p(klz;)(Apvi + i) (4.17)

k=1

The process of calculating probabilities p(k|z;) is normally referred to as Space division
step. Fig.B2 gives a simple diagram for this step.

4.4 Baseline Bandwidth Extension System

4.4.1 STRAIGHT vocoder

As explained in previous chapters, the ABE task is separated to two sub-tasks, so-called
estimation of wideband spectral envelope and estimation of wideband excitation signal,
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based on source-filter model. As introduced in Chapter.B and Chapter.B, a variety of
statistical approaches have been proposed for the problem of estimating wideband spectral
envelope, and have achieved successes on some level. However, the estimation of wideband
excitation is still not good enough, and this leads to a converted speech with unreasonable
noise. To reduce this effect, it is desired to have a method to statistically estimate the
wideband excitation signal as that used for estimating spectral envelope.

Recently, a vocoder called STRAIGHT [d1, 42] has been developed based on source-
filter model and is reported to produce high quality synthetic speech. Its simplicity in
analyzing and synthesizing speech has made it becoming a powerful speech research tool.
STRAIGHT analyzes the speech and divide it into two parts: one is STRAIGHT spectrum
(sp), and the other is mixed excitation signal which consists of F0 and aperiodic components
(ap). The mixed excitation signals obtained from STRAIGHT analysis can be statistically
modeled. Therefore, it is expected to be used in the same manner as spectral envelope.

In [4], the authors used STRAIGHT as analysis tool, and applied GMM-based conver-
sion approach to both spectral envelope and aperiodic components. Listening test results
indicated the high perceived quality of the estimated wideband speech. In our research,
we also use STRAIGHT for analyzing and synthesizing speech signal. In the next section,
we will introduce the ABE system which utilizes STRAIGHT vocoder.

4.4.2 Baseline Bandwidth Extension System

The general process of ABE is shown in Fig. B23. First, mel-cepstral coefficients, aperiodic
components and F0 of the narrowband speech are extracted using STRAIGHT [A1, 42] (Step
1). Aperiodic components of the wideband speech are estimated by a simple MMSE-based
GMM mapping method [3] (Step 2). Mel-cepstral coefficients which represent the spectral
envelope are estimated by performing feature transformation as described in Section. ??
and Section.@=3 (Step 2). After that, an estimated wideband speech is generated using
the extracted FO and converted features above (Step 3). The estimated wideband speech
is now passed through LPF and HPF to generate low-band and high-band speech signals
(Step 4). For the input narrowband speech, we up-sample it to make an input low-band
speech signal (Step 5). Next, the power of the estimated high-band speech signal is adjusted
so that the power of the estimated low-band and input low-band speech signal are equal
(Step 6). Finally, the wideband speech is reconstructed by adding the adjusted high-band
speech signal to the input low-band speech signal (Step 7).

The power terms of mel-cepstral coefficients are not used in the conversion, and are

estimated by a linear transformation as follows:

19)
logy = = (log & — piz) + oy (4.18)

X
where z,y are input and output features and fi,, ), 05, 9, represent means and variances

of the power terms of every samples.
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Fig.4.3: General flowchart of bandwidth extension

4.5 Summary

In this section, we have discussed about the drawback of conventional method for es-
timating wideband spectral envelope. Then we introduced our REDIAL-based approach
to deal with this problem. Finally, a ABE system using STRAIGHT vocoder has been
explained. In later experiments, we will use this system to verify the effectiveness of our
proposed method.
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5.1 Introduction

Speech quality is a multi-dimensional term which is composed of several factors such as
speech intelligibility, speech naturalness, etc. In general, the evaluation of speech quality is
conducted by using objective and subjective measurements. Subjective measurements are
carried out with listeners, who assess the quality of speeches from ”subjective” view. When
a relative number of listeners and good setting of subjective experiments are satisfied, the
subjective evaluation results reflect quite accurately the speech quality. However, this
is normally time consuming, expensive and labor intensive process, therefore objective
measurement have been proposed as an alternative method. In objective measurement,
speech quality of two speech samples are compared by calculating a distance between the
two signals in either time or frequency domain. Unfortunately, objective measurements
do not always show high correlation with the subjective measurements, and therefore does
not always reflect perceived speech quality accurately.

In our research, we used both subjective and objective measurements to evaluate the
performance of the proposed method. In the next sections, subjective and objective mea-
surements of speech quality will be explained. Then experiments and their results will be
discussed.

5.2 Subjective measurement

Several methods have been introduced for subjective measurement of speech quality such
as MUltiple Stimuli with Hidden Reference and Anchor (MUSHRA) [87], Mean Opinion
Score (MOS) [38], etc. In evaluation of ABE problem, MOS is often adopted. In our
experiments, we also used MOS as subjective measurement.

MOS is a method described in ITU-T Recommendation P.800.1. In MOS, the speech
quality is rated from 1 (bad) to 5 (excellent) by listeners. Tablebd shows the details of
MOS scale. After obtaining scores of every individual listeners, the average MOS score for
the target speech signal will be calculated. In order to achieve a reliable result for a MOS
test, following requirements should be satisfied.

1. Large number of listeners: Each individual might have different evaluation even on
the same speech sample. To reduce this variation, large pool of listeners is required
(more than 10).

2. Controlled conditions: The subjective tests should be conducted under well controlled
conditions such as quiet environment. Equipments should be high-fidelity, and if we use
plural experiment sets, they (headphones, etc.) should have the same characteristics.
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Table5.1: Mean Opinion Score (MOS) scale

MOS | Speech quality
Excellent
Good
Fair

Poor
Bad

N | W | Ot

5.3 Objective measurement

There are several measures that investigate how close the estimated envelope is to the
original wideband envelope such as Mel-cepstral Distance (MCD), Log Spectral Distortion
(LSD), Ttakura Distance, Itakura-Saito Distance. In our experiments, we adopted the
Mel-cepstral Distance (MCD). In fact, mel-cepstrum has been shown to be a compact
representation of perceptually relevant speech characteristics, and the MCD measure results
have also been certified to have high correlation with the subjective test results [39]. The
MCD distance is defined as below:

Y2
MCD[dB] = 1n1o\/2 meY) (5.1)

where mcX, me¥ are mel-cepstral coefficients of regenerated wideband speech and natural
wideband speech, respectively.

5.4 ABE with speaker dependent model

5.4.1 Experiment Conditions

We conducted experiments under a speaker-dependent condition using the ATR phonet-
ically balanced corpus [43]. The wideband speeches were 16kHz sampled speeches from
subset A (training data) and subset B (evaluation data) of 4 Japanese speakers (2 males
and 2 females). Each training set and evaluation set includes 50 speech samples. The nar-
rowband speech was made by passing the corresponding wideband one through a LPF as
in Fig. b0 (LPF specifications are described in Tableb6™), then downsampling the output.

In our experiments, we used STRAIGHT to extract mel-cepstral coefficients (spectral
envelope) and F0, aperiodic components (mized ezcitation signal). Regarding to aperiodic
components, the averaged components on 3 frequency bands (0 - 1, 1 - 2 and 2 - 4 kHz)
for narrowband, and those on 5 frequency bands (0 -1, 1-2,2-4,4 -6 and 6 - 8 kHz)
for wideband were used.
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Tableb.2: LPF specifications

Stop band 3.7 - 8kHz
Transition band | 3.4 - 3.7kHz
Pass band 0Hz - 3.4kHz

0 —
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=
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-100f | | |
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Frequency (kHz)

Fig.5.1: LPF magnitude response

In this paper, we adopted a simple MMSE-based GMM mapping method [3] for extension
of the excitation signal. The number of mixture components of the GMM was set to 8. For
extension of the spectral envelope, we used a 64-component GMM in both conventional
and proposed methods.

5.4.2 Preliminary experiments

As explained in Section. B=3, the proposed REDIAL-based approach concatenates several
adjacent frames to form a feature vector and use it as the new feature. Besides, the method
also introduces regularization to cope with the over-fitting problem. The performance
is considered to vary with these parameters (frames number, regularization parameter).
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Tableb.3: Objective evaluation of REDIAL-based method considering the change in di-
mension of feature vectors. Dim 24 & 24 represents the case when 24-dimensional mcep
vectors are used for both wideband and narrowband speeches. Dim 24 & 16 represents the
case when the dimensions of wideband and narrowband features are 24 and 16 respectively.

Speaker ftk | fws | mmy | msh
MCD | Dim 24 & 24 | 1.95 | 1.88 | 1.86 | 1.87
[dB] | Dim 24 & 16 | 2.05 | 2.03 | 2.00 | 2.12

Therefore, it is essential to determine values giving the best performance. Regarding
the mel-cepstral coefficients, there are also two parameters which require optimization:
dimension of feature vectors and warping parameter which used to extract mel-cepstral
coefficients.

In this section, we will perform several preliminary experiments to determine these pa-

rameters.

i) Dimension of feature vectors

In experiments described in [4], the dimensions of wideband features and narrowband
features were set to 24 and 16 respectively. In our research, we performed experiments to
examine if this setting is suitable for the ABE task. Specifically, we performed two kinds of
experiments: in the first experiment, the dimensions of wideband and narrowband features
were 24 and 16 respectively; in the second experiment, the dimensions of both wideband
and narrowband features were set to 24. All other parameters and analysis condition were
the same. The experiments were done using REDIAL-based method since we aim to get
the best performance of this method.

Tablebh3 shows the results of objective evaluation. The results suggest that, it is better
to use mel-cepstral coefficients with dimension 24 for both wideband and narrowband
speeches in the proposed REDIAL-method.

ii) Warping parameters

As mentioned in SPTK manual book T, the warping parameter o represents the phase
characteristics and it is recommended to adjust this parameter in accordance with the
sampling rate. In this section, we operated two experiments: one with the recommended
warping parameters for each sampling rate (« = 0.42 for wideband and « = 0.31 for
narrowband), and the other with a fixed warping parameter (o = 0.42 for both wideband
and narrowband speech).

Thttp://nyftp.netbsd.org/pub/pkgsrc/distfiles/SPTKref-3.6.pdf
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Tableb.4: Mel-cepstral distortion between regenerated speech and original speech when

using a = 0.42 for wideband and a = 0.31 for narrowband speeches

Speaker ftk | fws | mmy | msh
MCD | Dim 24 & 24 | 3.59 | 3.70 | 3.51 | 3.43
[dB] | Dim 24 & 16 | 5.34 | 4.70 | 5.76 | 6.23

Tablebd shows the objective evaluation results when using o = 0.42 for wideband and
a = 0.31 for narrowband speeches. The objective evaluation results when oo = 0.42 is used
for both wideband and narrowband speech are the same in TablebZ. Comparing these
two tables, it can be concluded that using warping parameter a = 0.42 for both wideband

and narrowband features has better performance.

iii) Number of frames to be concatenated

Concatenating adjacent frames and using it as new features is expected to increase
input information and consequently improve the precision of the estimation. However, the
optimal number of frames to be concatenated varies depending on the contents of the tasks.
In this section, we performed experiments to find out which is the optimal number for the
ABE task.

According to the results of above experiments, in this experiment we used 24-dimension
feature vectors for both wideband and narrowband speeches. The warping parameters for
both of them were set to 0.42. Regarding the regularization parameter, we fixed it with
value 0.002. We set the number of frames to be concatenated to 3, 5, 7, 9 and operated
experiments for each case.

Tablebd shows the objective evaluation results of each case. We can observe that the
performances varied dramatically between different speakers in the same case or between
different cases. This is because the regularization parameters were not optimized for each
speaker. However, looking at the average, we can conclude that when the number of
frames to be concatenated was 5, the highest performance was achieved. Therefore, in the

following experiments, we decided to use 5 as the number of concatenated frames.

iv) Regularization parameter

As a summary of 3 preliminary experiments above, to achieve the best performance of
REDIAL-based method: 1. The dimension of both narrowband and wideband features
should be 24; 2. The warping parameter for both narrowband and wideband speeches
should be 0.42; 3. The number of frames to be concatenated should be 5. In later experi-
ments, we always used this setting.

Now, we will investigate the optimal regularization parameters A for each speaker in the
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Table5.5: Mel-cepstral distortion between regenerated speech and original speech in cases

with different numbers of frames to be concatenated

Speaker | ftk | fws | mmy | msh
3 3.74 | 4.35 | 2.67 | 2.59
Number of 5) 3.49 | 397 | 2.02 | 2.00
frames 7 5.54 { 10.08 | 4.23 | 2.63

9 544 | 5.73 | 2.80 | 2.83

Table5.6: Optimal regularization parameters in a speaker-dependent condition

Speaker | ftk fws | mmy | msh
A 0.003 | 0.009 | 0.003 | 0.002

training set. The regularization parameter was chosen by 5-fold cross validation: training
data was divided equally into 5 subsets, then 4 subsets were used as training data and the
left one was used as testing data. In general, the regularization parameter is normally small
number, therefore we set the search range of regularization A in the following set of values
{0.001,0.002, 0.003, 0.004, 0.005, 0.006, 0.007, 0.008, 0.009, 0.01, 0.02,0.04, 0.08,0.1}. From
experiment results, the optimal regularization parameter for each speaker was determined
as shown in Table b8.

5.4.3 Objective Evaluation

We conducted experiments using parameters optimized through the preliminary experi-
ments above. In this section, we performed objective evaluation as explained in Section. b=3.
The objective evaluation results for the 4 speakers are shown in Tableb™.

An approximate 50% reduction in MCD can be seen for every speaker. This demonstrates

the superiority of proposed method to the conventional one.

Table5.7: Objective evaluation (Speaker-dependent): Mel-cepstral distortion between re-
generated speech and original speech

Speaker | ftk | fws | mmy | msh
MCD | GMM | 3.59 | 3.70 | 3.51 | 3.43
[dB] | REDIAL | 1.95 | 1.88 | 1.86 | 1.87
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Fig.5.2: Speaker-dependent: Listening test results

5.4.4 Subjective Evaluation

Subjective evaluation was also conducted using MOS method as explained in Section. b2.
The evaluation data of each speaker contains 10 sets of speeches. Each set consists of
original wideband speech, narrowband speech, GMM-based regenerated wideband speech
and REDIAL-based regenerated wideband speech. 21 listeners (15 males, 6 females; ages
from 18-25) were asked to grade the speeches. All of them were asked to do experiment in
quite environment and use SONY MDR-900ST headphone which has frequency response
range is 5 Hz - 30 kHz. Listening test results are shown in Fig.b™. The reconstructed
wideband speeches in both approaches showed better perceptual quality than the original
narrowband. Moreover, listening test results also demonstrate that the proposed method
significantly outperforms the conventional MLE-GMM approach (at significance level of
5%). The improvement was observed in male as well as in female in both objective and
subjective evaluation. This suggests that our proposed method is applicable to both male
and female. Fig.b33 shows an example of spectrograms of an original wideband speech
and the resynthesizes speeches based on GMM and REDIAL approaches. Looking at areas
marked with ellipses, we can see that compared to MLE-GMM-based approach, REDIAL
tends to regenerate the wideband speech with higher accuracy.

5.5 ABE with speaker independent model

5.5.1 Experiment Conditions

The effectiveness of the proposed method within a speaker-dependent condition was
described in the previous section. In this section, we further verify the effectiveness of

proposed method in a more practical condition, speaker-independent condition, using the
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Fig.5.3: Spectrograms of an original wideband speech and its resynthesizes wideband
speeches based on GMM and REDIAL-based methods in the speaker dependent model

TIMIT database [24]. The training set contains a total of 4620 utterances of 462 speakers,
and the test set contains 1680 utterances of 168 speakers. Feature extraction and other
analysis conditions were the same as those in speaker-dependent experiment, except the
number of mixture components of GMM for spectral envelope being set to 256 instead of
64.

Similar to the speaker dependent case, we performed 8-fold cross validation to find the
optimal regularization parameter A\. From the cross validation results, the parameter A
was set to 0.1. In subjective evaluation, we used 40 sets of speech samples (each contained
the original wideband, narrowband, GMM-based wideband, SPLICE-based wideband and
REDIAL based wideband speeches). The headphone and other experiment conditions were
the same as in subjective evaluation of speaker dependent case.

5.5.2 Experiments

Results of objective evaluation and subjective evaluation of 16 listeners (12 males, 4
females; ages from 20 to 30) are shown in Table 5 and Fig. 54 respectively.

It can be concluded that the original SPLICE showed slightly better performance than
the conventional GMM-based method, while the proposed REDIAL-based method signifi-
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Table5.8: Objective evaluation(Speaker-independent): Mel-cepstral distortion between re-
generated speech and original speech

Method | GMM | SPLICE | REDIAL
MCDIdB] | 4.127 | 3.485 2.231

cantly outperforms both of them.

Mean Opinion Score
5.00

3.75

4.787

MCD[dB]
S

3.584

2.959
1.25

Natural Narrowband GMM SPLICE REDIAL

Fig.5.4: Speaker-independent: Listening test results

Similar to the speaker-dependent case, in this subjective evaluation we also observed a
remarkable improvement in speech quality of reconstructed wideband as compared to the
original narrowband speech in all of three methods. More importantly, with the proposed
method we achieved reconstructed wideband speech with significantly better speech quality
compare to conventional GMM and SPLICE-based methods (at significance level of 5%).
An example of spectrograms of an original wideband speech and the resynthesizes speeches
based on GMM and REDIAL approaches is shown in Fig.b3. A similar tendency in the
difference of accuracy of the two approaches was also observed in this example.
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Fig.5.5: Spectrograms of an original wideband speech and its resynthesizes wideband
speeches based on GMM and REDIAL-based methods in the speaker independent model

5.6 REDIAL-bases approach with dynamic features

As explained in Chapter.B=, the dynamic features were used together with the static
features in the MLE-GMM-based approach. In the experiments described above, we used
dynamic features for the MLE-GMM-based approach but not used them for the proposed
REDIAL-based method. Therefore, in this section we conducted experiments including
dynamic features into the proposed method to examine how these features affect the per-
formances.

Firstly, for the speaker dependent case, we set the regularization parameter A\ to 0.001,
0.01 and 0.1, and conducted the objective evaluations. For comparison, we conducted
experiment without using dynamic features with A being set to 0.1 in this case.

The objective evaluation results of the two types of experiments are shown in Tableb™
and Table b1 respectively.

Secondly, we also performed experiments using dynamic features with REDIAL-based
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Table5.9: Mel-cepstral distortion in speaker dependent experiments with ATR database:
Utilizing dynamic features with the proposed REDIAL-based method

Spk/a | ftk | fws | mmy | msh
0.001 | 2.25 | 5.04 | 5.03 | 5.05
0.01 |244|5.04 | 5.02 | 5.05

0.1 |245|5.05| 5.02 | 5.05

Table5.10: Mel-cepstral distortion in speaker dependent experiments with ATR database:

Without utilizing dynamic features with the proposed REDIAL-based method

Spk/a | ftk | fws | mmy | msh
0.001 |2.49 | 3.96 | 2.03 | 2.00

method in speaker independent model with TIMIT database. The experiment conditions
are the same with those in speaker dependent model case. Table bl and Table b2 show
objective evaluation results of experiments with dynamic features and without dynamic

features.

From the above results, it can be concluded that utilizing dynamic features with REDIAL-
based method has degraded its performance. In the conventional MLE-GMM method, a
usage of dynamic features was proposed to deal with the inter-frame correlation problem.
In REDIAL-based method, this problem is resolved, since the method concatenates adja-
cent frames. Therefore, in REDIAL method, even if dynamic features are introduced, the
performance might not be improved. From the results we could see that dynamic features
do not work well with the proposed method, and hence in experiments from now on, we

will not use them.

Table5.11: Mel-cepstral distortion in speaker indedependent experiments with TIMIT
database: Utilizing dynamic features with the proposed REDIAL-based method

« MCD
0.001 | 2.295
0.01 | 2.294

0.1 2.294

Tableb.12: Mel-cepstral distortion in speaker dependent experiments with ATR database:
Without utilizing dynamic features with the proposed REDIAL-based method

o | MCD
0.1] 2.231
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5.7 Experiments when training data number varies

In all experiments with speaker dependent model described above, the number of training
data for each speaker was 50. As from both objective and subjective evaluations results, the
regenerated wideband speeches were in high quality compared to the original narrowband
one. However, we wondered how the performance might change when the number of
training data decreases. In this section, we performed experiments in speaker dependent
model with number of training data set to 10, 20, 30, 40. Besides changing the training
data number, we also changed the mixture number of GMM used in both conventional and
proposed methods to investigate the effects of GMM features on the performance.

The experiments results are shown in Fig.B8 (for the conventional the MLE-GMM
method), and Fig.572 (for the proposed REDIAL method). It can be observed that in
the MLE-GMM case, when the number of training data is fixed, the performance became
better when GMM mixture increased. Similarly when the GMM mixtures were constant,
MCD decreased when the number of training data increased. The best results were found
in case with 64-component GMM and 50 training data. Meanwhile, in the REDIAL case,
no similar trend was observed. This might be due to the fact that regularization parameters
were not well optimized (they were fixed). Overall, except some aberrant cases, the most
ineffective scenario was found to be with 16-component GMM and 10 training data.

The objective evaluations described above have shown that decreasing the number of
training data and GMM mixtures degraded the performance of the estimation. For sub-
jective evaluation, I personally conducted an informal listening test to compare the orig-
inal narrowband speech, the estimated wideband speeches in optimized condition (i.e 50
training data, 64-component GMM), and the regenerated wideband speeches with small
number of training data and GMM mixtures (i.e 10 training data, 20 training data with
16-component GMM). It was revealed that, though the experiment was preliminary, the
artificial wideband speeches were still more preferred than the original narrowband speech.
Moreover, the difference between speeches estimated under the worst condition (i.e 10
training data, 16-component GMM) and those estimated under the best condition were
extremely minor. This result indicated that for speaker dependent case, we can use a

smaller corpus with smaller GMM mixtures to perform the estimation.

5.8 Summary

In this chapter, we have discussed about objective and subjective evaluations which
used to assess speech quality. After that, we have described experiments under a variety
of conditions, such as speaker dependent condition and speaker independent condition.
The experiments results have pointed out that our proposed method for ABE significantly
outperformed the conventional MLE-GMM method.
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Fig.5.6: Mel-cepstral distortion between the resynthesizes wideband speech using the MLE-
GMDM-based method and original wideband speech. In these experiments, the number of

training data and GMM mixtures are varied.
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6.1 Conclusions

Artificial Bandwidth Extension (ABE) is one of important technologies in tele-communication
today due to the need of improving the quality of the transmitted speech signal. Based on
the source-filter model, ABE can be separated into two sub-tasks, so called Estimation of
wideband spectral envelope and Estimation of wideband excitation signal. For each task,
numerous algorithms have been proposed and were shown to give promising results. Espe-
cially, statistical algorithms such as GMM have been verified to have better performance
than others. However, as mentioned in Chapter.B and Chapter.H, these approaches still
have several limitations such as the ignorance of inter-frame correlations, and mismatch
during the space division process. In order to solve these problems, we proposed a new
approach based on REDIAL.

In this approach, a discriminative model (LDA + GMM) was used in order to utilize
information of the target wideband features for the feature space division process. This
is expected to be able to reduce the mentioned mismatch problem. Additionally, feature
vectors which are generated by concatenating several adjacent frames were used instead of
using only single frame. This increases the input information, and also considers the inter-
frame relation. Therefore an improvement in transformation accuracy is also expected.
Moreover, we also introduced a regularization of the transformation matrix to avoid the
over fitting problem.

In Chapter.H, we have conducted several experiments under various experiment condi-
tions. We first performed experiments under the speaker dependent condition using speech
samples of 4 speakers from ATR database. Objective and subjective experiment results
have confirmed the effectiveness of our proposed method on every speaker. After that, we
conducted experiments under the speaker independent condition suing TIMIT database.
Similar to previous experiments, the results also indicated the superiority of our proposed
method to the conventional methods. In the next experiments, we considered the perfor-
mance of our proposed method when introducing dynamic features. Finally, we performed
experiments with the number of training data and mixtures of GMM vary to observe their
effects on the performance of the proposed method.

6.2 Future works

There are three works which we intend to implement in the future.

6.2.1 Estimation of highband spectral envelope

As explained in Section.BEZ22, in current framework of our ABE system, the wideband
spectral envelope is first estimated from the narrowband spectral envelope, and then the
narrowband part of the estimated spectral envelope is replaced by the original narrowband
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spectral envelope. Although this procedure was proved to achieve estimated speech with
high quality, its process still looks unnatural. We think that, it is able to directly estimate
the highband spectral envelope from the narrowband one by considering the narrowband
one as an adding condition. We are actively working on this problem.

6.2.2 Speaker adaptation in ABE

It is normally difficult to collect data of every speaker to make a speaker dependent
model. Therefore, in general a speaker independent model is often used. However, as
seen in the experiment results, the performance of the system in the condition of speaker
independent is inferior as compared with that in speaker dependent condition. To deal
with this problem, in speech recognition, several speaker adaptation techniques such as
MAP, MLLR, etc, which use a small number of data to adapt the speaker independent
data, have been proposed. These methods have been verified to improve the recognition
rate. In the future, we plan to apply speaker adaptation techniques to our ABE problem
to confirm if they also work with this kind of task.

6.2.3 ABE in noisy environment

All of the experiments we have done so far were in ideal condition, which means no noise
was considered. As ABE is proposed to cope with problem in real environment, it must be
able to work in real condition. In other research, we are working on how to use noisy data
as adaptation data of the model to make a better model in noisy environment. Several
results have been achieved from this research. Therefore, in the future we plan to applying
results from this research to the current research of ABE. This is relatively arduous task
but once it is realized, it is expected to be used in a variety of real applications.
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