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ABSTRACT

Although automatic speech recognition systems have dramatally improved in recent
decades, speech recognition accuracy still signi cantly dgrades in noisy environments. While
many algorithms have been developed to deal with this problm, they tend to be more
e ective in stationary noise such as white or pink noise than n the presence of more realistic
degradations such as background music, background speechnd reverberation. At the
same time, it is widely observed that the human auditory sysem retains relatively good
performance in the same environments. The goal of this thesiis to use mathematical
representations that are motivated by human auditory processing to improve the accuracy
of automatic speech recognition systems.

In our work we focus on ve aspects of auditory processing. Werst note that nonlin-
earities in the representation, and especially the nonlinar threshold e ect, appear to play
an important role in speech recognition. The second aspectfmur work is a reconsideration
of the impact of time-frequency resolution based on the obsgations that the best estimates
of attributes of noise are obtained using relatively long olservation windows, and that fre-
quency smoothing provide signi cant improvements to robug recognition. Third, we note
that humans are largely insensitive to the slowly-varying dianges in the signal components
that are most likely to arise from noise components of the inpit. We also consider the e ects
of temporal masking and the precedence e ect for the processy of speech in reverberant
environments and in the presence of a single interfering spé&er. Finally, we exploit the
excellent performance provided by the human binaural systm in providing spatial analysis
of incoming signals to develop signal separation systems ung two microphones.

Throughout this work we propose a number of signal processialgorithms that are mo-
tivated by these observations and can be realized in a compationally e cient fashion using
real-time online processing. We demonstrate that these appaches are e ective in improv-
ing speech recognition accuracy in the presence of variouydes of noisy and reverberant

environments.
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1. INTRODUCTION

In recent decades, speech recognition systems have sigraatly improved. However, obtain-
ing good performance for noisy environment still remains asa very challenging task. The
problem is if the training condition is not matched to the test condition, then performance
degrades signi cantly. These environmental di erences midnt be due to speaker di erences,
channel distortion, reverberation, additive noise, and soon.

To tackle this problem, many algorithms have been proposed pito now. The simplest way
of environmental normalization is assuming that the mean ofeach element of cepstral feature
vector is zero for all utterances. This is often called Cepstl Mean Normalization (CMN)
[6]. CMN is known to be able to remove convolutional distortion, if the impulse response is
very short, and it is also helpful additive noise as well. Mea Variance Normalization (MVN)
[6] [7] can be considered to be an extension of this idea. In MY, we assume that both the
mean and the variance of each element of feature vectors aré¢ same across all utterances.
More general case is the histogram normalization. In this aproach, it is assumed that the
Cumulative Distribution Function (CDF) of all features are the same. Recently, it is found
that if we do histogram normalization on the delta cepstrum as well, the performance is
better than the original histogram normalization.

Another class of ideas try to estimate the noise componentsof di erent clusters and
use this information to estimate the original clean spectrun. Codeword Dependent Cepstral
Normalization (CDCN) [8] and Vector Taylor Series (VTS) [8] belong to these kinds of idea.
Spectral subtraction [10] is subtracting the noise spectrm in the spectrum domain.

Even though a number of algorithms have shown improvementsdr stationary noise
(e.g[11, [12]), improvement in non-stationary noise remains a dcult issue ( e.g. [13]).
In these environments, auditory processing €.g[?]) and missing-feature-based approaches

(e.g[14]) are promising. In [?], we could observe that better speech recognition accuracgan



be obtained by using more faithful human auditory model.

An alternative approach is signal separation based on anabis of di erences in arrival time
(e.g. [15,[16,[17]). It is well documented that the human binaural ystem bears remarkable
ability in speech separation €.g. [17]). Many models have been developed that describe
various binaural phenomena €.g. [18,[19]), typically based on interaural time di erence
(ITD), interaural phase dierence (IPD), interaural intens ity dierence (I1ID), or changes
of interaural correlation. The Zero Crossing Amplitude Estimation (ZCAE) algorithm was
recently introduced by Park [16].These algorithms (and sinilar ones by other researchers)
typically analyze incoming speech in bandpass channels anattempt to identify the subset
of time-frequency components for which the ITD is close to tle nominal ITD of the desired
sound source (which is presumed to be knowm priori ). The signal to be recognized is
reconstructed from only the subset of \good" time-frequeny components. This selection
of \good" components is frequently treated in the computational auditory scene analysis
(CASA) literature as a multiplication of all components by a binary mask that is nonzero
for only the desired signal components.

The goal of this thesis is to develop a robust speech recogidin algorithm motivated
by the human auditory systems at the level of peripheral proessing and simple binaural
analysis. These include time and frequency resolution angsis, auditory nonlinearity, power
normalization, and source separation using two microphong

In time-frequency resolution analysis, we will discuss whiawould be the optimal window
length for noise compensation. We will also talk about freqency weighting or channel
weighting. We will propose an e cient way of normalizing the noise component based on
this observation.

Next, we focus on the role that auditory nonlinearity plays in robust speech recognition.
Even though the relationship between the intensity of a soun and its perceived loudness is
well known, there have not been many attempts to analyze the ects of rate-level nonlinear-
ity. In this thesis, we discuss several di erent nonlinearities derived from the rate-intensity
relation models of processing by the human auditory nerve, ad will show that power func-
tion nonlinearity is more robust than the logarithmic nonli nearity which is currently being
used in MFCC.

Power normalization is based on the observation that noise pwer changes less rapidly



than speech power. As a convenient measure, we propose theeugf the AM-to-GM (Arith-
metic Mean-to-Geometric Mean) ratio. If the signal is highly non-stationary like speech,
then the AM-to-GM ratio will have larger values. However, if the signal is more smoothly
changing, then this ratio will decrease. By estimating the deal AM-to-GM ratio from train-
ing database of clean speech, we developed two algorithms hdé Power-function based Power
Equalization (PPE) algorithm and the Power Bias Subtraction (PBS) algorithm.

This thesis proposal is organized as follows: Chaptdr] 2 prages a brief review of back-
ground theories and several related algorithms. We will breé y discuss the key concepts and
e ectiveness of each idea and algorithm. In Chapter 3, we willdiscuss time and frequency
resolution and its e ect on speech recognition. We will see tht the window length and
frequency weighting have signi cant impact on speech recagjtion accuracy. Chapter[H deals
with auditory nonlinearity and how it a ects the robustness o f speech recognition systems.
Auditory nonlinearity is the intrinsic relation between th e intensity of the sound and rep-
resentation in auditory processing, and it plays an important role in speech recognition. In
Chapter 8, we introduce a new feature extraction algorithm @lled power normalized cep-
stral coe cients (PNCC). PNCC processing can be consideredto be an application of some
of principles of time-frequency analysis as discussed in @fpter [3, auditory nonlinearity as
discussed in Chaptelb, and power bias subtraction as discaed in Chapter[8. In Chapter[9,
we discuss how to enhance speech recognition accuracy usimg microphones. We will talk

about our new algorithm which is called Phase Di erence Chanmel Weighting (PDCW).



2. REVIEW OF PREVIOUS STUDIES

In this chapter, we will review some background theories radvant to this thesis.

2.1 Frequency scales

Frequency scales relate how the physical frequency of an inming signal is related to the
representation of that frequency by the human auditory sysem. In general, the peripheral
auditory system can be modeled as a bank of bandpass lters, foapproximately constant

bandwidth at low frequencies and of a bandwidth that increags in rough proportion to fre-

quency at higher frequencies. Because di erent psychoacotisal techniques provide some-
what di erent estimates of the bandwidth of the auditory Ite rs, several di erent frequency

scales have been developed to t the psychophysical data. &we of the widely used frequency
scales include the MEL scale’[20], the BARK scale [21], and #WhERB (Equivalent rectangular

bandwidth) scale [5]. The popular Mel Frequency Cepstral Ce cients (MFCC) incorporate

the MEL scale, which is represented by the following equatiao:
Mel(f) = 2595log(1 + f=700) (2.1)

The MEL scale that was proposed by Stevens et al [20], descrds how a listener judges the
distance between pitches. The reference point is obtainedybde ning a 1000 Hz tone 40 dB
above the listener's threshold to be 1000 mels.

Another frequency scale which is called the Bark scale was pposed by E. Zwicker [[21]:

2

Bark (f ) = 13 arctan(0:00076 ) + 3:5arctan ﬁ) (2.2)

In PLP [22], the Bark-Frequency relation is based on the trarsformation given by Schroeder:
= — + P— .
(f)=6In 500 500 (2.3)
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Fig. 2.1: The comparison between the MEL, Bark, and the ERB scales

Later on, Moore and Glasbergl[5] proposed the ERB (EquivalenRectangular Bandwidth)
scale modifying the Zwicker's loudness model. The ERB scaless a measure that gives an
approximation to the bandwidth of lters in human hearing us ing rectangular bandpass
Iters; several di erent approximations of the ERB scale exist. The following is one of such

approximations relating the ERB and the frequencyf :

46.065

= . +
v=1117log 1+ as7849

(2.4)

Fig. 2.1 compares the three di erent frequency scales in theange between 100 Hz and
8000 Hz. It can be seen that they describe very similar relatinships between frequency and

its representation by the auditory system.

2.2 Temporal integration times

It is well known that there is a trade-o between the time-resolution and the frequency
resolution that depends on the window length €.g. [23]). Longer windows provide better
frequency resolution, but worse time resolution. Usually h speech processing, we assume
that a signal is quasi-stationary within an analysis window, so typical window durations for

speech recognition are on the order of 20 ms to 30 ms._[24].



2.3 Auditory nonlinearity

Auditory nonlinearity is related to how humans perceive loudness. There are many di erent
ways of measuring this.

One kind of nonlinearity is obtained by physiologically measuring the average rate of the
neural ring times of bers of the auditory nerve as a functio n of the intensity of the pure
tone input at a speci ed frequency. As shown in Fig.[2Z.2, thisnonlinearity is characterized
by the auditory threshold and the saturation point. The curves in Fig. [Z2 are obtained
using the auditory simulation system developed by Heinz et & [1].

The other way of representing auditory nonlinearity is basal on psychophysics. One of
the well known rules is Steven's power law of hearing [25]. Tis rule relates intensity and

perceived loudness by tting data from multiple observers wsing a power function:
L = (I=1g)® (2.5)

This rule has been used in Perceptual Linear Prediction (PLB.
Another commonly-used relationship is that is used in MFCC the logarithmic curve,
which relates intensity and loudness using a log function. e de nition of sound pressure

level (SPL) is also motivated by this rule, as given by:

L, = 20logs, ‘mes (2.6)

ref
The commonly used value ofpes is 20 Pa, which was once considered to be the threshold
of human hearing, when the de nition was established.

In Fig. we compare these nonlinearities. In addition tothe nonlinearities mentioned
in this Subsection, we included another power law nonlinedty which is an approximation
to the physiological model between 0 dB SPL and 50 dB SPL in theMinimum Mean Square
Error (MMSE) sense. In this approximation, the estimated power coe cient is around 1 /
10.

In Fig. we compare these curves using an x-axis in Pa.ln this gure, with
the exception of the cube power root, all nonlinearity curves are very similar. However, as
shown in Fig. [2.3(b), if we use the logarithmic scale (dB SPL)on the x-axis, we can observe

a signi cant di erence between the power-law nonlinearity and the logarithmic nonlinearity
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in the region below the auditory threshold. As will be discused in Chap.[®, this di erence

plays an important role for robust speech recognition.

2.4 Feature Extraction System

The most widely used forms of feature extraction are Mel Fregency Cepstral Coe cient
(MFCC) and Perceptual Linear Prediction (PLP) [22]. These feature extraction systems are
based on the theories brie y reviewed in Sectioi ZI1 to Seatin [Z3. Fig. [Z.8 illustrates the
block diagram of MFCC and PLP. In this section, we will briey talk about those feature
processing algorithms.

In MFCC processing, the rst stage is pre-emphasis. We usudy use a rst-order high
pass lter for pre-emphasis. Short-time Fourier Transform (STFT) analysis is performed
using a hamming window, and triangular frequency integration is done for spectral analysis.
The logarithmic nonlinearity stage follows, and Discrete Gsine Transform (DCT) is done to
obtain the feature.

PLP processing is also similar to MFCC processing. The rst sage is STFT analysis;
critical band integration follows. For band integration, t rapezoidal windows are employed.
Unlike MFCC, pre-emphasis is done based on the equal loudnggurve after the band inte-

gration. Nonlinearity in PLP is based on the power-law nonlinearity proposed by Stevens
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[22]. After this stage, Inverse Fast Fourier Transform (IFFT) and Linear Prediction (LP)
analysis are performed in sequence. Cepstral recursion ig¢sa usually performed to obtain
the nal feature from the LP coe cients [26].

Fig. Z.5 shows speech recognition accuracies obtained underious noisy conditions. We
used subsets of 1600 utterances for training and 600 utterares for testing from the DARPA
Resource Management 1 (RM1). In other experiments, which a shown in Fig. 2.6, we used
WSJ0-si84 training set and WSJO 5k test set. For training the acoustical model, we used
SphinxTrain 1.0 and for decoding, we usedSphinx 3.8 .

For MFCC processing, we usedsphinxe _fe included in sphinxbase 0.4.1 . For PLP
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processing, we used botlHTK 3.4and the matlab package provided by the D. Ellis group[[27].
Both of the PLP packages show similar performance, but for reerberation and interfering
speaker environment, PLP included in HTK showed better perbrmance.

In all these experiments, we used 12-th order feature vectarincluding the O-th coe -
cient with their delta and delta-delta cepstra. As shown in these experiments, MFCC and
PLP show comparable speech recognition results. Howevem iour experiments, RASTA pro-

cessing is not helpful compared to the conventional CepstiaMean Normalization (CMN).



2.5 Noise Power Subtraction Algorithm

In this section, we discuss conventional ways of accompligfig noise power compensation. The
earliest form of a noise power compensation scheme was theesyral subtraction technique
[10]. In spectral subtraction, we assume that speech is canpted by additive noise. The basic
idea behind this method is that we estimate the noise spectrm from non-speech segments of
corrupt speech, which can be detected by applying a Voice Adtity Detector (VAD). After

estimating the noise spectrum, these values are subtractefilom the corrupt speech spectrum.

2.5.1 Boll's approach

In Boll's approach, the rst step is running a Voice Activity Detector, which decides whether
the current frame belongs to speech segments or noisy segn&nlf the segment is determined
to be a noisy segment, then the noise spectrum is estimated bthat segment. For the

following speech spectrum, the subtraction is done in the filowing way:
IX(m;Dj = max(jX (m;1)j - N(m;l); jX (m;1)j) (2.7)

where is a small constant to prevent the subtracted spectrum from taving a negative
spectrum value, N (m; 1) is the noise spectrum, andX (m;l) is the corrupt speech spectrum.

m and | denote the frame and channel indices, respectively.

2.5.2 Hirsch's approach

In [28], Hirsch estimates the noise level in the following wg First, the continuous average

of the spectrum is calculated:
IN(m:Dj = jN(m  LDj+@ )X (m;Dj ifi)xX(m;)j < jN(m;l)j (2.8)

where m is the frame index and| is the frequency index. Note that the above equation is
the realization of the 1-st order IIR lowpass lter.

If the magnitude spectrum is larger than N (m;l), we do not update the estimate noise
spectrum. For , Hirsch suggested using a value between 1.5 and 2.5.

The major di erence between Hirsch's approach compared to Bli's approach is that the

noise spectrum is continuously updated.

10



2.6 Algorithms Motivated by Modulation Frequency

It has long been believed that modulation frequency plays animportant role in human
listening. For example, it has been observed that a human aditbry system is more sensitive
to modulation frequencies less than 20 Hzd.g. [29] [30] [31]). On the other hand, very slowly
changing components €.g. less than 5 Hz) are usually related to noisy sourcese(g[32]
[33] [34]). In some articles é.g [2]), it has been noted that speaker speci c information
dominates for frequencies below 19z, while speaker independent information dominates
higher frequencies. Based on these observations, reseaech have tried to utilize modulation
frequency information to enhance the speech recognition pormance in noisy environments.
Typical approaches use high-pass or band-pass ltering in igher spectral, log-spectral, or
cepstral domains.

In [2], Hirsch et al. investigated the e ects of high-pass Itering of spectral envelopes of
each subband. Unlike the RASTA (Relative Spectral)procesig proposed by Hermansky in
[3] , Hirsch conducted high-pass ltering in the power doman. In [2], he compared the FIR
Itering approach with the IIR ltering approach, and concl uded that the latter approach is

more e ective. He used the following form of the rst order IIR ltering:

1 z1

H(2)= 1 07z 1

(2.9)

where is a coe cient adjusting the cut-o frequency.

This is a simple high-pass Iter with a cut-o frequency at ar ound 4:5Hz.

It has been observed that on-line implementation of Log Specal Mean Subtraction
(LSMS) is largely similar to RASTA processing. Mathematically, the on-line mean log-

spectral subtraction is equivalent to the on-line CMN:

cm)="vy(m LH+@ )Y(m;l) (2.10)

whereY (m;1)

Y(m;l)=P(m;l)  p(m;l) (2.11)

11



This is also a high-pass lter like Hirsch's approach, but the major di erence is that Hirsch
conducted the high-pass Itering in the power domain, while in the LSMS, subtraction is
done after applying the log-nonlinearity.

Theoretically speaking, if we perform lItering in the power domain, it is helpful for
compensating the additive noise e ect, and if we conduct ltering in the log-spectral domain,
it is better for reverberation [B].

RASTA processing in [3] is similar to the on-line cepstral man subtraction or on-line
LSMS. While the on-line cepstral mean subtraction is basiclly rst order high pass lItering,
RASTA processing is a bandpass processing motivated by the adulation frequency concept.
This processing has been based on the observation that humaauditory systems are more
sensitive to modulation frequencies between 5 and 26iz. (e.g. [30] [31]). Thus, signal
components outside this modulation frequency range are ndlikely to originate from speech.
In RASTA processing, Hermansky proposed the following 4-thorder bandpass Itering. Like

the on-line CMN, RASTA processing is performed after nonlirearity is applied.

1 23 224
1 098 1

2+
H(z) = 0:1245 % (2.12)

In his work [3], Hermansky showed that band-pass ltering agproach results in better
performance than high-pass Itering. In the original RASTA in (E12), pole location is at
z = 0:98; later, he mentioned that z = 0:94 seems to be optimal[[3]. However, in some
articles (e.qg. [6]), it has been reported that the on-line CMN (which is a high-pass Itering)
is slightly better performing than RASTA processing (which is a band-pass Itering) in speech
recognition. As mentioned above, if we perform ltering after applying the log-nonlinearity,
then it would be more helpful for reverberation, but it might not be very helpful additive
noise.

Thus, Hermansky also proposed a variation of RASTA, which iscalled J-RASTA (or
Lin-Log RASTA). By using the following function,

y =log(1+ Jx) (2.13)

this model has characteristics of both the linear model and lhe logarithmic nonlinearity.

12



2.7 Normalization Algorithm

In this section, we discuss some algorithms that are desigdegor enhancing robustness against
noise. Many normalization algorithms work in the feature damain including Cepstral Mean
Normalization (CMN), Mean Variance Normalization (MVN), , Code Dependent Cepstral
Normalization (CDCN), and Histogram Normalization (HN). T he original form of VTS (Vec-

tor Taylor Series) work in the log spectral domain.

2.7.1 CMN, MVN, HN, and DCN

The simplest way of performing normalization is using CMN or MVN. Histogram normal-
ization (HN) is a generalization of MVN. CMN is the most basic form of noise compensation
schemes, and it can remove the e ects of linear lItering if the impulse response of the Iter
is shorter then the window length [35]. By assuming that the mean of each element of the
feature vector from all utterances is the same, CMN is also Hpful for additive noise as well.

In equation form, CMN is expressed as follows:
&lil=clil] ¢ O i I Lo j J 1 (2.14)

where  is the mean of thei-th element of the cepstral vector. In the above equationg[j]
and &[j ] represent the original and normalized cepstral coe cient for the i-th element of the
vector at the j-th frame index. | denotes the feature vector dimension andl denotes the
number of frames in the utterance

MVN is a natural extension of CMN and is de ned by the followin g equation:

eil=0l e o i 1o j 31 (2.15)

Ci
where  and  are the mean and standard deviation of thei-th element of the cepstral
vector.
As mentioned in SubsectiorlZB, CMN can be implemented as anneline algorithm (e.g.

[7] [3€] [37]). In the on-line CMN, the mean of the cepstral vetor is updated recursively.
olil= o 11+@ )l 0 i 1 Lo j J 1 (2.16)
This on-line mean is subtracted from the current cepstral vetor.
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As in RASTA and on-line log-spectral mean subtraction, the hnitialization of the mean
value is very important in the on-line CMN. Otherwise, the performance would be signi -
cantly degraded (e.qg. [6] [Z]). It has been shown that using values obtained from tle previous
utterances is a good means of initialization. Another way isrunning a VAD to detect the
rst non-speech-to-speech transition €.g. [7]). If the center of the initialization window
coincides with the rst non-speech-to-speech transition,then good performance is preserved,
but it requires some delay.

In HN, we assume that the Cumulative Distribution Function ( CDF) for an element of a

feature is the same for all utterances.

6li]=Fyu' Fee (Gl (2.17)

In the above equation, F. denotes the CDF of the current test utterance andFC}r1 denotes
the inverse CDF from the entire training corpus. Then, using @147), we can make the
distribution of the element of the test utterance the same asthat from the entire training
corpus. We can also perform HN in a slightly di erent way by assiming that every element
of the feature should follow a Gaussian distribution with zeo mean and unit variance. In
this case,FC}r1 is just the inverse CDF of the Gaussian distribution with zero mean and unity
variance. If we use this approach, then the training databae also needs to be normalized.

Recently, Obuchi showed that if we do apply histogram normaization on the delta cep-
strum as well as the original cepstrum, the performance is biger than the original HN [38].
This approach is called DCN (delta cepstrum normalization) [38].

Fig. 29 shows speech recognition experimental results orhé RM1 database. First, we
can observe that CMN provides signi cant bene t for noise robustness. MVN is performing
somewhat better than CMN. Although HN is a very simple algorithm, it shows signi cant
improvements in white noise and street noise environmentsDCN shows the largest threshold
shift among these algorithms. Fig.[2.ID shows the same kindf@xperiments conducted on
WSJO0 5k test set. We used WSJ0-si84 for training.

Although these approaches show improvements in noisy enwnments, as shown in Fig.
?7?, these approaches are very sensitive to the silence lengthlhis is because in these ap-

proaches, we assumed that all distributions are the same anifiwe prepend or append silences,
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this assumption is no longer valid. As a consequence, DCN isaihg better than Vector Taylor
Series (VTS) in RM white and street noise environments, but he former is doing worse than
the latter in WSJO 5k experiment, which include more silence. VTS experimental results

will be shown in the next subsection.

2.7.2 CDCN and VTS

More advanced algorithms include CDCN (Code Dependent Ceqgal Normalization) and
VTS (Vector Taylor Series). In this subsection, we will brie y review these techniques.

In CDCN and VTS, the underlying assumption is that speech is orrupted by unknown
additive noise and linearly Itered by an unknown channel [39]. This assumption can be

represented by the following equation:

P,(€"¥)

Py (" €)jH (€W K)j2 + Py (¥ k)
Pn(e¥x)
Py (" )jH (6 «);2

P (€WK)jH (€W )j2 1+ (2.18)

Noise compensation can be done either in the log spectral damn [9] or in the cepstral
domain [8]. In this subsection, we describe the compensatioprocedure in the log spectral
domain. Let x, n, g, and z denote logarithms of the PSDsPy (&%), P,(eWx), jH (dV«)j?,
and P,(e"«), respectively. For simplicity, we will remove the frequercy index wy in the

following discussions. Then[[ZIB) can be expressed in thelfowing form:
z=x+q+log(l+ € * 9 (2.19)
This equation can be rewritten in the form of
Z= X+ g+ r(x;n;q)= x+f(x;n;q) (2.20)

wheref (x; n;q) is called the "environment function" [39].

Thus, our objective is inverting the e ect of the environment function f (x;n;q). This
inversion consists of two independent problems. The rst poblem is estimating the parame-
ters needed for the environment function. The second probla is nding the Minimum Mean

Square Error (MMSE) estimate of x given z in (E.2.2).
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In the CDCN approach, we assume thatx is represented by the following Gaussian
mixture and n and g are unknown constants.

M( 1
f(x)= N ( xk: xk) (2.21)
k=0

we obtain it and ¢ by maximizing the following likelihood.

(h;4) = arg max p(zjg; n) (2.22)

The maximization of the above equation is performed using tle Expectation Maximiza-
tion (EM) algorithm. After obtaining “n and ¢, R is obtained in the Minimum Mean Square
Error (MMSE) sense. In CDCN, we assume thatn and g are constants for that utterance,
so it cannot e ciently handle non-stationary noise [40].

In the VTS approach, we assume that the Probability Density Functions (PDF) of the
log spectral density of clean utterance is represented by ta GMM (Gaussian Mixture Model)

and that of noise is represented by a single Gaussian compante

l\y( 1

f(x)= N ( ks xk) (2.23)
k=0
f(n)=N(n;j n) (2.24)

In this approach, we try to reverse the e ect of the environmert function in (). How-
ever, since this function is nonlinear, it is not easy to nd an environmental function which
maximizes the likelihood. This problem is tackled by using te rst order Taylor series ap-
proximation. From (2£7.2), we consider the following rst-order Taylor series expansion of
the environment function f (x; n; q). The resulting distribution z is also Gaussian ifx follows

the Gaussian distribution.

; = EX+f(ngxo )]+ E Yf(xo;no;qo)(x X0))

E —f(Xoinoit)(n no)) +E Ef (X0:No; G0)(d %)) (2.25)
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In a similar way, we also obtain the covariance matrix:

= I+£f(n'X')T I+£f(n'X')
z = dx 0: X0; 0o X dx 0: X0; to

if(n'X' ) ' if(n'X' ) (2.26)
ax (No; 0: % n gy (Mo 0, Qo :

Using the above approximations of the mean and covariance dhe Gaussian components,
0, n,and hence ; and , are obtained using the EM by maximizing the likelihood.

Finally, the feature compensation is conducted in the MMSE gnse as shown below.

RMMSE E[XJZ] (2.27)

Xp(xjz)dx (2.28)

2.8 ZCAE and related algorithms

It has been long observed that a human being has a remarkablebdity to separate the
sound sources. Many works €.9. [41]) have supported that binaural interaction plays an
important role in sound source separation. For low frequenies, the use of Interaural Time
Delay (ITD) is primarily used for sound source separation; br high frequencies, Interaural
Intensity Di erence (lID) plays an important role. This is be cause for high frequencies, space
aliasing occurs, which prevents the use of the ITD.

In the ITD-based sound source separation approaches(qg. [42] [16]), to avoid this space
aliasing problem, we usually use a smaller distance betwedwo microphones than the actual
distance between two ears.

The conventional way of calculating the ITD is using a cross orrelation after passing
the signal through bandpass Iters. In more recent works [16, it has been shown that the
zero-crossing approach is more e ective than the cross-cogfation approach for accurately
estimating the ITD. and results in better speech recognition results. This approach is called
Zero Crossing Amplitude Estimation (ZCAE).

However, one critical problem of ZCAE is that the zero crossig point is heavily a ected
by in-phase noise and reverberation. Thus, as shown in [17]nd [42], ZCAE did not show

successful results in reverberant and omni-directional nise environments.
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2.9 Discussion

While it is generally agreed that window length between 20 msand 30 ms is appropriate
for speech analysis, as mentioned in Sectiop_ 2.2, there is rguarantee that this window
length would be still optimal for noise estimation or noise @mpensation. Since the noise
characteristics are usually stationary compared to speechit is expected that longer windows
might be better for noise compensation purposes. In this theis, we will discuss what would
be the optimal window length for noise compensation purpose We note that even though
longer duration windows may be used for noise compensatiorwe still need short duration
windows for the actual speech recognition. In this these, wavill discuss methods for doing
so.

In Section[Z3, we discussed several di erent rate-level ndimearities based on di erent
data. Up until now, there has not been much discussion or angkis of the type of nonlinearity
that is best for feature extraction. For a nonlinearity to be appropriate, it should satisfy

some of the following characteristics:
It should be robust against additive noise or reverberation
It should discriminate each phone reasonably well.

The nonlinearity should be independent of the input sound pessure level, or at worst,
a simple normalization should be able to remove the e ect of tke input sound pressure

level.

Based on the above criteria, we will discuss in this thesis th nature of appropriate
nonlinearities to be used for feature extraction.

We discussed conventional spectral subtraction techniquein Section[Z.5. The problem
with conventional spectral subtraction is that the structu re is complicated and the perfor-
mance depends on the accuracy of the VAD. Instead of using tlki conventional approach,
since speech power changes faster than noise power, we cam tise rate of power change as
a measure for power normalization.

Although algorithms like VTS are very successful for staticmary noise, they have some
intrinsic problems. First, VTS is computationally heavy, since it is based on a large number

of mixture components and an iterative EM algorithm, which is used for maximizing the
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likelihood. Second, this model assumes that the noise compent is modeled by a single
Gaussian component in the log spectral domain. This assumjn is reasonable in many
cases, but it is not always true. A more serious problem is thathe noise component is
assumed to be stationary, which is not quite true for non-stdéionary noise, like music noise.
Third, since VTS requires maximizing the likelihood using the values in the current test set,
it is not straightforward to implement this algorithm for re al-time applications.

Thus, in our thesis work, we will try to develop an algorithm more motivated by auditory
observation, which requires small computation, and can bemplemented as an on-line algo-
rithm. Instead of trying to estimate the environment functi on and maximizing the likelihood,
which is very computationally heavy, we will simply use the rate of power change of the test
utterance.

The ZCAE algorithm described in Section[2.8 shows remarkald performance, however
the performance improvement is very small in reverberant ewironments [17][42]. Another
problem is that this algorithm requires large computation[42], since it needs bandpass lter-
ing. Thus, we need to think about di erent approaches that would be more robust against

reverberation. In our thesis, we will describe alternativeapproaches to tackle this problem.
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3. TIME AND FREQUENCY RESOLUTION

It is a widely known fact that there is a trade-o between time -resolution and frequency-
resolution when we select an appropriate window length forrfequency-domain analysis €.g.
[23]). If we want to obtain better frequency domain resolution, then a longer window is more
appropriate since the Fourier transform of a longer window § closer to a delta function in the
frequency domain. However, a longer window is worse in termsf time-resolution, and this
is especially true for highly non-stationary signals like peech. In speech analysis, we want
the signal within a single window to be stationary. As a compiomise between these tradeo s,
a window length between 20 ms and 30 ms has been widely used ipeech processing[24].

Although a window of such short duration is suitable for analyzing speech signals, if a
certain signal does not change very quickly, then a longer widow will be better. If we use
a longer window, then we can analyze the noise spectrum in a lter way. Also from the
large sample theory, if we use more data in estimating the stistics, then the variance of
the estimation will be reduced. It is widely known that noise power changes more slowly
than speech signal power; thus, based on the above discussjat is quite obvious that longer
windows might be better for estimating the noise power or nose characteristics. However,
even if we use longer windows for noise compensation or nortieation, we still need to
use short windows for feature extraction. In this section, ve discuss two approaches to
accomplish this goal: the Medium-duration-window Analysis and Synthesis (MAS) method,
and the Medium-duration-window Running Average (MRA) meth od.

When we need to estimate some unknown statistic, if we use merand more data to
estimate it, then due to the large sample theory, the estimaéd statistic will have smaller
variance, which results in better estimation. Above, we bre y mentioned this notion along
the time-axis, but the same idea can be applied along the fragency axis as well.

Along with the window length, another important aspect in fr equency domain analysis



is the integration (or weighting) of spectrum. In the analysis-and-synthesis approach, we
perform frequency analysis by directly estimating parameers for each discrete-time frequency
index. However, as will be explained later in more detail, weobserve that the channel-
weighting approach shows better performance. The reason fobetter performance with
channel weighting is similar to the reason for better perfomance with the medium-duration
window. If we use information from adjacent frequency indi@s, then we can estimate noise
components more reliably due to averaging over frequencies

For frequency integration (or weighting), we can think of several dierent weighting
schemes such as triangular response weighting or gammatomesponse weighting. In this

chapter, we discuss which weighting scheme is more helpfubif speech recognition.

3.1 Time-frequency resolution trade-o in short-time Fourier analgis

Before discussing the medium-duration-window processinépr robust speech recognition, we
will review the time-frequency resolution trade-o in short-time Fourier analysis. This trade-
0 has been known for a long time and has been extensively disissed in many articles €.g.
[23]).

Suppose that we obtain a short-time signalv[n] by multiplying a window signal w[n] with
the original signal x[n]. In the time domain, this windowing procedure is represengd by the

following equation:
v[n] = x[n]w[n] (3.1)
In the frequency domain, it is represented by the following elation:
ICRE ZiX(eJ! ) W(e') (3.2)

Ideally, we want V(€' ) to approach X (&' ) as closely as possible. To achieve this goal,

W (€' ) needs to be close to the delta function in the frequency domia [23]. In the time

domain, this corresponds to a constant value ofv[n] = 1 with in nite duration. If the length

of the window increases, then the magnitude spectrum becorsecloser and closer to the delta

function. Thus, we can see that a longer window results in bdger frequency resolution.
However, speech is a highly non-stationary signal, and in sgctral analysis, we want

to assume that the short-time signal v[n] is stationary. If we increase the window length
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to obtain better frequency resolution, then the statistical characteristics of v[n] would be
more and more time-varying, which means that we would fail tocapture those time changes
faithfully. Thus, to obtain better time resolution, we need to use a shorter window.

The above discussion is the well-known time-frequency resation trade-o s. Due to this

trade-o0 s, in speech processing, we usually use a window lettgbetween 20ms and 30 ms.

3.2 Time Resolution for Robust Speech Recognition

In this section, we discuss two di erent ways of using the medim-duration window for noise
compensation: the Medium-duration-window Analysis and Syithesis (MAS) method, and
the Medium-duration-window Running Average (MRA) method. These methods enable us
to use short windows for speech analysis while noise comperi®on is performed using a
longer window. Fig[3:2Z. shows the block diagrams of the MASand the MRA methods.
The main objective of these approaches is the same, but theyi@r in how to obtain this
objective. In the case of the MRA approach, frequency analyis is performed using short
windows, but parameters are smoothed over time using a runmg average. Since frequency
analysis is conducted using short-windows, features can bdirectly obtained without re-
synthesizing the speech. In the case of the MAS approach, fgeency analysis is performed
using a medium-duration window, and after normalization, the waveform is re-synthesized.
Using the re-synthesized speech, we can apply feature extton algorithms using short
windows. The idea of using a longer window is actually very snple and obvious; however, in
conventional normalization algorithms, this idea has not been extensively used and theoretic

analysis has not been throughly performed.

3.2.1 Medium-duration running average method

The block diagram for the running average method is shown in K. In the MRA
method, we segment the input speech by applying a short hammig window with a length
between 20 ms and 30 ms, which is the length conventionally &gl in speech analysis.

Let us consider a certain type of variable for each time-fregency bin and represent it by
P[m; 1], wherem is the frame index, andl is the channel index. Then, the medium-duration

variable Q[m; ] is de ned by the following equation:

30



l x[n]

| Segmentation into Medium-Duration Frames |

G
| STFT |
lxm@n
| Magnitude Squared |
[iximie! P2
L L :
jHo(€" )i jHa(e! )j? JHL a(€' )2
Squared Squared Squared
Gammatone Gammatone Gammatone
Band Band Band
Integration Integration Integration
iP[m;O] —1P[m; 1] —lP[m;L 1]
Obtaining Obtaining Obtaining
Medium- Medium- Medium-
Duration Duration Duration
Power Power Power
lQ[m: 0] lQ[m; 1] lQ[m: L 1
Normalization Normalization Normalization
Algorithm F Algorithm F Algorithm F
—1 lQ[m:Ol —1 1Q[m;1] —1 lQ[m:L 1
Short- Short- Short-
Duration Duration Duration
Normal- Normal- Normal-
ization ization ization
1m0 LPimi1 lPmiL 1
| DCT |
Feature
CY

l x[n]

| Segmentation into Medium-Duration Frames

L el

STFT

lxm&w

Magnitude Squared

1iX[m; el ©)j2
T

1
jHo(€" )2 jHa(e' )2 JHy a(e' 9)i?
Squared Squared Squared
Gammatone Gammatone Gammatone
Band Band Band
Integration Integration Integration
1P [m; 0] 1P [m; 1] P[m;L 1]1
Medium Medium Medium
Duration Duration Duration
Normal- Normal- Normal-
ization F ization F ization F
P[m; 0] P[m; 1] P[m;L 1]

Spectral Reshaping

| Rmiet

IFFT

S

Overlap Addition

l 2[n]

Feature Extraction

Feature

(b)

Fig. 3.1: (a) The block diagram of the Medium-duration-window Runnirg Average (MRA) Method

(b) The block diagram of the Medium-duration-window Analyss Synthesis (MAS) Method

1 ¢ M

oM + 1 . P[m;1] Averaging stage

=m M

Q[m;1]= (3.3)

Averaging power of adjacent frames can be represented as atdring operation with the

following transfer function:

M
H(z) = z "
n= M

(3.4)

Thus, this operation can be considered to be a low pass lteng. The frequency response

of the system is given by:
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and these responses for di erentM values are shown i 3.2. However we observe that if we
directly perform low-pass lItering, then it has the e ect of m aking the spectrogram quite
blurred, so in many cases, it induces the negative e ects as slwn in Fig. B3.

Thus, instead of performing normalization using the original power P[m; 1], we perform
normalization on Q[m; |]. However, instead of directly using the normalized mediumduration
power Q[m;|] to obtain the feature, the weighting coe cient is multipli ed with P[m;I] to

obtain the normalized powerP [m;|]. This procedure is represented in the following equation:

_ QIm;1]
Q[m; 1]

An example of MRA is the Power Bias Subtraction (PBS) algorithm, which is explained

Pm; 1] P[m;l] (3.6)

in Subsection[&11. In the case of PBS, when we used a:Bts window length with a 10ms
frame period,M =2 3 showed the best speech recognition accuracy in noisy engimments.

So, this approximately corresponds to a window length of 7% 85.6ms.

3.2.2 Medium duration window analysis and re-synthesis apppach

As mentioned before, the other strategy of using a longer widow for normalization is the
MAS method. The block diagram of this method is shown in Fig.|[34(e). In this method, we
directly apply a longer window to the speech signal to obtaina spectrum. From this spectrum,

we perform normalization. Since we need to use features oliteed from short windows, we
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cannot directly use the normalized spectrum from a longer widow. Thus, a spectrum from
a longer window needs to be re-synthesized using IFFT and th®verLap Addition (OLA)
method. The Power-function-based Power Distribution Normalization (PPDN) algorithm,
which is explained in Subsection[61, is based on this idea. His idea is also employed
in Phase Dierence Channel Weighting (PDCW), which is explained in Chapter[@. Even
though PPDN and PDCW are unrelated algorithms, the optimal window length for noisy

environments is around 7%ns  100ms in both algorithms.

3.3 Channel Weighting

3.3.1 Channel Weighting of Binary Parameters

In many cases, there are high correlations among adjacentduencies, so performing channel
weighting is helpful in obtaining more reliable information about noise and for smoothing
purposes. This is especially true for a binary masking caself we make a binary decision
about whether a certain time-frequency bin is corrupted or rot , then there should be some
errors in the decision due to the limitation of a binary decigon; the corruptness cannot be

a binary value. Instead of using the decision from that particular time-frequency bin, if
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we use a weighted average from adjacent channels, it is exped that we can obtain better
performance.

Suppose that [m; k] is a parameter for the k-th frequency index at the m-th frame.

w[m; 1] = k=;9 N[rl" K X[m; e )Hie" ) (3.7)

k2o IX[m; et )H (&' v)j

where X [m; &' «) is the spectrum of the signal at this time-frequency bin andH, (€' «)
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is the frequency response of thé-th channel. Usually, the number of channels is much less
than the FFT size. After obtaining the channel weighting coecient w[i; m] using (@.13), we

obtain the smoothed weighting coe cient g[k; m] using the following equation:

P .
g W[m; 1] H(e" ¥)

Mkl = —P - (3.8)
’ o iHI(8" )]
Finally, the reconstructed spectrum is given by:
X[m; €' ) =max( g[m;k]; ) X[m;é€! «) (3.9)

where again is a small constant used as a oor.
Using X'[k; m], we can re-synthesize speech using IFFT and OLA.
This approach has been used in Phase Di erence Channel Weigintg (PDCW) and the

experimental results can be found in Chapter 8 of this thesis

3.3.2 Weighting factor averaging across channels

In the previous section, we saw the channel weighting in the imary mask case. The same
idea is applied for a continuous weighting case as well.

Suppose that we have a corrupt poweiP [m; 1] and enhanced powerP[m;I] for a certain
time-frequency bin. As before,m is the frame index, ,andl is the channel index.

Instead of directly using P[m; 1] as the enhanced power, the weighting factor averaging

scheme works as follows:

0 1
X Pm; 19

A .
s Pimill (3.10)

PIm;l]= @1=(I, [,+1)
|

0=,

wherel, =min(1+ N;Nq, 1) and Iy =max(l N;O0).

In the above equation, averaging is done using a rectangulavindow across frequencies.
Instead of using the rectangular window, we can also considethe hamming or Bartlett
windows. However, based on the actual speech recognition p&riment, we could not observe
substantial performance di erences.

This approach has been used in the Power Normalized Cesptr&loe cient (PNCC) and

Small Power Boosting (SPB). Experimental results can be fond in Chapters 5 and 6.
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3.3.3 Comparison between the triangular and the gammatone Iter bank

In the previous subsection, we discussed obtaining perforance improvement by using the

channel-weighting scheme. Usually, in conventional spebdeature extraction such as MFCC

or PLP, frequency-domain integration has been already emplyed in the form of triangular

or trapezoidal frequency response integration. In this sdon, we compare the triangular fre-

quency integration and the gammatone frequency integratio in terms of speech recognition

accuracy. The gammatone frequency response is shown in HIg5B This gure was obtained

using Slaney's auditory toolbox [43].
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4. AUDITORY NONLINEARITY

4.1 Introduction

In this chapter, we will discuss auditory nonlinearities and their role in robust speech recog-
nition. The relation between the sound pressure level and th human perception has been
studied for some time, and it is well explained in many literdures [44] [45]. These nonlin-
earity characteristics have been e ectively used in many spech feature extraction systems.
Inarguably, the most widely used features nowadays are eitr MFCC (Mel Frequency Cep-
stral Coe cient) or PLP (Perceptual Linear Prediction). In MFCC, we use logarithmic
nonlinearity. PLP uses power-law nonlinearity, which is based on Steven's power law of
hearing [25]. In this chapter, we will discuss the role of nolinearity in feature extraction in
terms of phone discrimination ability, noise robustness, ad speech recognition accuracy in

di erent noisy environments.

4.2 Human auditory nonlinearity

Human auditory nonlinearity has been investigated by many researchers. Due to the di culty
of conducting experiments on an actual human nerve, in many ases, researchers perform
experiments on animals like cats[[46], and the results werex&apolated to re ect human
perception casel[[l]. Fig.[41l illustrates the simulation reult of the relation between the
average rate and the input SPL (Sound Pressure Level) for a pre sinusoidal input using the
auditory model proposed by M. Heinz et al. [1]. In Fig.[4.1(a)and Fig. [4.1(b), we can see
the intensity-rate relation at di erent frequencies obtain ed from the cat's nerve model and
the human's nerve model. In this gure, especially in the hurman nerve model, this intensity-
relation does not change signi cantly with respect to the frequency of the pure tone. Fig.

4.1(c)|illustrates the relation averaged across frequenes in the human model. In Fig.|{4.1(d),
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Fig. 4.1: The relation between the intensity and the rate. Simulation was doneusing the auditory

model developed by Heinz. et al[[4]] 4.1(a&) shows the relation in a cainodel at di erent
frequencies[ 4.1(H)) shows the relation in a human model, arfd 4.I(chsws the average across

di erent channels, and |4.1(d)|is the smoothed version of 4.1(g) usig spline.

we can see the interpolated version of Fig[ 4.1(}) using spie. In the discussion that follows,
we will use the curve of Fig. for a speech recognitionxperiment. As can be seen in
Fig. and Fig. [4.3, this curve can be divided into threedistinct regions. If the input

SPL (Sound Pressure Level) is less than 0 dB, then the rate islaost a constant, which is
called a spontaneous rate. In the region between 0 dB and 20 dBhe rate linearly increases
with respect to the input SPL. If the input SPL of the pure tone is more than 30 dB, then

the rate curve is largely constant. The distance between theahreshold and the saturation
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Fig. 4.2: The comparison between the intensity and rate response in ghhuman auditory model
[I] and the logarithmic curve used in MFCC. A linear transformation is applied to t the

logarithmic curve to the intensity-rate curve.

points are around 25 dB in SPL. As will be discussed later, thé relatively short linear region
causes problems in applying the original human rate-intenisy curve to speech recognition

systems.

In MFCC, we use logarithmic nonlinearity in each channel, whch is given by the following

equation
g(m; 1) =log 10 (p(m; 1)) (4.1)

where p(m; 1) is the power for I-th channel index at time m and gim;I) is the nonlinearity

output.

(m;1) = 20lo0g 10 p(m; 1) (4.2)

ref

Thus, if we representg(m;|) in terms of (m;l), it appears as:

o(m; 1) = 10 soPrer) + — o @3)

From the above equation, we can see that the relation is just bsically a linear function.
In speech recognition, the coe cients of this linear equation are not important as long as

we consistently use the same coe cient for the entire training and test utterances. If we
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Fig. 4.3: The structure of the feature extraction system|4.3(a)y MFCC, @.3(b)} PLP, and

General nonlinearity system

match this linear function to the linear region of Fig. then we obtain Fig. E2.
As is obvious from this gure, the biggest di erence between bgarithmic nonlinearity and
the human auditory nonlinearity is that human auditory nonl inearity has threshold and
saturation points. Because the logarithmic nonlinearity used in MFCC features does not
exhibit threshold behavior, for speech segments of low powgthe output of the logarithm
nonlinearity can produce large output changes even if the chnges in input are small. This
characteristic, which can degrade speech recognition accacy, becomes very obvious as the
input approaches zero. If the power in a certain time-frequacy bin is small, then even for
a a very small additive noise, the nonlinearity output will b e very di erent. Hence, we can
guess that the threshold point has a very important role for robust speech recognition.

In the following discussion, we will discuss the role of the tireshold and the saturation
points in actual speech recognition. Although the importance of auditory nonlinearity has
been con rmed in several studies €.g. [47]), there has been relatively little analysis concern-

ing the e ects of peripheral nonlinearities.

4.3 Speech recognition using di erent nonlinearities

In the following discussions, to test the e ectiveness of di a@ent nonlinearities, we will use

the feature extraction system shown in Fig|{4.3(c) using dierent nonlinearities. For the
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comparison test, we will also provide MFCC and PLP speech ramgnition results, which are
shown in Fig. and Fig.[4.3(b], respectively. Througtout this chapter, we will provide
speech recognition experimental results by changing the mdinearity in For frequency
domain integration, in MFCC, we use triangular frequency integration, and in PLP, we use
critical band integration [48]. For the system in Fig we use the gammatone frequency
integration. In all of the following experiments, we used 40channels. For the MFCC in
Fig. and the general feature extraction system in Fig [4.3(c), a pre-emphasis Iter
of the form H(z) =1 0:97z ! is applied rst. The STFT analysis is performed using
Hamming windows of duration 25.6 ms, with 10 ms between fram&for a sampling frequency
of 16 kHz. Both the MFCC and PLP procedures include intrinsic nonlinearities: PLP
passes the amplitude-normalized short-time power of crital-band lters through a cube-
root nonlinearity to approximate the power law of hearing [48, [4S]. In contrast, the MFCC

procedure passes its Iter outputs through a logarithmic function.

4.4 Recognition results using human auditory nonlinearity and discusss

Using the structure shown in Fig. and the nonlinearity shown in Fig. [4.2, we conducted
speech recognition experiments using the CMUBphinx 3.8 system with Sphinxbase 0.4.1 .
For training the acoustic model, we usedSphinxTrain 1.0 . For comparison purposes, we
also obtained MFCC and PLP features usingsphinx -fe and HTK 3.4 respectively. All
experiments were conducted under the same condition, and dta and delta-delta components
were appended to the original feature. For training and tesing, we used subsets of 1600
utterances and 600 utterances, respectively, from the DARR Resource Management (RM1)
database. To evaluate the robustness of the feature extraan approaches, we digitally
added three di erent types of noise: white noise, street nois, and background music. The
background music was obtained from a musical segment of the ARPA Hub 4 Broadcast
News database, while the street noise was recorded on a busyreet. For reverberation
simulation, we used he Room Impulse Response (RIR) softwarf®0]. We assumed a room of
dimensions 5 4 3 m with a distance of 2m between the microphone and the speake
Since the rate-intensity curve is highly nonlinear, it is expected that if the speech power

level is set to a di erent value, then the recognition result will also be di erent. Thus, we
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Fig. 4.4: Speech recognition accuracy obtained in di erent environnents using the human auditory

intensity-rate nonlinearity: (a) additive white gaussian noise, (b) street noise, (c) background

music, (d) Reverberation

conducted experiments at several di erent input SPL levels b check this e ect. In Fig ??,
dB is the case where the average SPL falls slightly below the idle point of the linear region
of the rate-intensity curve. By increasing the sound presste level, we repeated experiments.
For white noise, as shown in Fig.[4.4(d), if SPL is increasedthen performance for noise
is degraded, which is due to the fact that the portion bene ted by the threshold part is
reduced. For street noise, the performance improvement alwst disappeared, and for music
and reverberation, the performance is somewhat poorer thathe baseline.

Fig. ?7? illustrates the speech recognition experiment results usig the curve shown in
Fig. £2.

Up until now, we discussed the characteristics of the humanntensity-rate curve and com-
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pared it with the log nonlinearity curve used in the MFCC. We observe both the advantages
and disadvantages of the human intensity-rate curve. The kjgest advantage of the human
intensity-rate curve compared to log nonlinearity is that it uses the threshold point. The
threshold point induces signi cant improvement in noise robustness in the speech recognition
experiments. However, one clear disadvantage is that the g®ch recognition performance
changes signi cantly depending on the input sound pressurdevel. Thus, the optimal input
sound pressure level needs to be obtained by experiments. 2, if we use a di erent input
sound pressure level for training and testing, then due to tke environmental mismatch, the

recognition system works poorly.

4.5 Shifted Log Function and Power Function Approach

In the previous section, we saw that the human auditory intersity-rate curve is more robust
against stationary additive noise. However, at the same tine, it shows critical problems. The
rst problem is that the performance heavily depends on the peech sound pressure level,
which is not a desirable characteristic. The optimal input sound pressure level needs to be
obtained by empirical experiments or some discrimination dterion. Additionally, if there
are mismatches between the input sound pressure level beter the training and testing ut-
terances, then the performance will degrade signi cantly. Still another problem is that even
though the feature extraction system with this human intensity-rate curve shows improve-
ment for stationary noisy environments, the performance ispoorer than the baseline for high
SNR cases. For highly non-stationary noise like music, it des not show improvements.

In the previous section, we argued that the threshold portian provides bene ts compared
to logarithmic nonlinearity. Then, one natural question is how the performance will look if
we ignore the saturation portion and use only the threshold mrtion of the human auditory
intensity-rate curve. This nonlinearity can be modeled by the following shifted-log as shown

in Fig. 8. The shifted log function is represented by the fdowing equation:

g(m;1) = logio(p(m;1) + P max) (4.4)

where Pnhax is de ned to be the 95-th percentile of all p(m;I). Depending on the choice of

, the location of the threshold point is changed.
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Fig. 4.5: Rate-intensity curve and its stretched form in the fom of shifted log|4.5(b] Power

function approximation to the stretched from of the rate-intensity curve

The solid curve in Fig. is basically a stretched versin of the rate-intensity curve.
The dotted curve in Fig. is virtually identical to the solid curve in Fig. [4.5(a),
but translated downward so that for small intensities the output is zero (rather than the
physiologically-appropriate spontaneous rate of 50 spik&'s). The solid power function in
that panel is the MMSE-based best- t power function to the piecewise-linear dotted curve.
The reason for choosing the power-law nonlinearity insteaaf the dotted curve in Fig.
is that the dynamic behavior of the output does not depend criically on the input ampli-
tude. For greater input intensities, this solid curve is a linear approximation to the dynamic
behavior of the rate-intensity curve between 0 and 20 dB. Heoe, this solid curve exhibits
threshold behavior but no saturation. We prefer to model the higher intensities with a curve
that continues to increase linearly to avoid spectral distation caused by the saturation seen
in the dotted curve in the upper panel of Fig. ??. This nonlinearity, which is what is used

in PNCC feature extraction, is described by the equation
y = x% (4.5)

with the best- t value of the exponent observed to be between1=10 and 1=15. We note that
this exponent di ers somewhat from the power-law exponent of0:33 used for PLP features;
this exponent is based on Steven's power law of hearing [49]While our power-function

nonlinearity may appear to be only a crude approximation to the physiological rate-intensity

44



WSJ (White Noise)

100
3 @
w w
2 =
£ €
o o
o o
5 S
> >
8 3
g A Shifted Log(a = 0.01 *) g 3 A shifted Log(a =0.01%) |
/' Shifted Log(a = 0.001) 20 '/ Shifted Log(a = 0.001) | |
L} Shifted Log(a = 0.0001) L} Shifted Log(a = 0.0001)
\ Shifted Log(a = 0.00001) 10 : Shifted Log(a = 0.00001)| |
o3 () Baseline (MFCC) () Baseline (MFCC)
) ‘ ‘ : : o ‘ : :
0 5 10 15 20 CLEAN 0 5 10 15 20 CLEAN
SNR (dB) SNR (dB)
(a) (b)
RM1 (Music Noise) RM1 (Reverberation)
100 ; ; 100 ; ; .
90t o
80t
g 700 z
2 2
L 60r ] 2 ﬁ
£ R .
8 so 3 e, TS,
§ 400 § V.. ’ﬁ‘.,‘::. .
o H :
g sor A Shifted Log(a = 0.01 %) g A Shifted Log(a = 0.01 %)
2 /' Shifted Log(a = 0.001) /' Shifted Log(a = 0.001)
L} shifted Log(a = 0.0001) L} Shifted Log(a = 0.0001)
10 -g—shiﬂed Log(a = 0.00001) -8~Shifted Log(a = 0.00001)
() Baseline (MFCC) () Baseline (MFCC)
0 ‘ ‘ : : o ‘ ‘ : : :
(] 5 10 15 20 CLEAN 0 0.1 0.2 0.3 0.4 05 0.6
SNR (dB) SIR (dB)
(© (d)

Fig. 4.6: Speech recognition accuracy obtained in di erent environnents using the shifted log non-

linearity: (a) additive white gaussian noise, (b) street nase, (c) background music, (d)

Reverberation

function, we will show in Sec.[6.Z.P that it provides a substatial improvement in recognition

accuracy compared to the traditional log nonlinearity usedin MFCC processing.

4.6 Speech Recognition Result Comparison of Several Di erent Nordiarities

In this section, we will compare the performance of di erent nonlinearities explained in
the previous sections. These nonlinearities include the hman rate-auditory curve, its non-
saturated model (shifted log), and the power function apprach. As discussed earlier, the
human intensity-rate curve depends on the sound pressure Vel of the utterance. On the

other hand, the non-saturated model (shifted log) and powerfunction model depend on their
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Fig. 4.7: Speech recognition accuracy obtained in di erent environnents using the power function

nonlinearity: (a) additive white gaussian noise, (b) stree noise, (c) background music, (d)

Reverberation

intrinsic parameters. Thus, in comparing the performance ¢ these algorithms, we selected
those which showed reasonably good recognition performaadn the previous results shown

in Fig B.41, Fig 4.8, and Fig[4.1. Thus, in comparison, for the mn-saturated model, we used

For white noise, as shown in Fig'Z.B, there are not substantiadi erences in performance
in terms of the threshold shift and the shift of around 5 dB is doserved. Since the threshold
point is the common characteristic of all of the three nonlirearities, we can infer that the
threshold point plays an important role for additive noise. However, for high SNR cases,
the human auditory intensity-rate nonlinearity falls behi nd other nonlinearities that do not

use saturation, so we can see that the saturation point is aetally harming the performance.
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This tendency of losing performance for high SNR is being olesved in various kinds of noise
shown in Fig [48. For the street and the music noise, the thresold shift is signi cantly
reduced compared to the case of the white noise. The power fgtion-based nonlinearity still
shows some improvements compared to the baseline. In this we, we can also note that
even though PLP also uses the power function, it is not doing a well as the power function

based feature extraction system described in this chapterHowever, for reveberation, PLP
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Comparison of di erent nonlinearities (human rate-intens ity curve, under di erent envi-

shows better performance, as shown in Fig. 4.8(d).
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5. SMALL POWER BOOSTING ALGORITHM

5.1 Introduction

Recent studies show that for non-stationary disturbances gch as background music or back-
ground speech, algorithms based on missing features.g. [14,[51]) or auditory processing are
more promising (e.g [47,[52,[53][22]). Still, the improvement in non-stationary noise remains
less than the improvement that is observed in stationary nose. In previous work [52] and in
the previous section, we also observed that the \threshold pint" of the auditory nonlinearity
plays an important role in improving performance in additive noise. Let us imagine a specic
time-frequency bin with small power. Even if a relatively small distortion is applied to this
time-frequency bin, due to the nature of compressive nonliearity the distortion can become
quite large.

In this section, we explain the structure of the small boosthg (SPB) algorithm in two
di erent ways. In the rst approach, we apply small power boosting to each time-frequency
bin in the spectral domain, and then resynthesize speech (32R). The resynthesized speech
is fed to the feature extraction system. This approach is coneptually straightforward but
less computationally e cient (because of the number of FFTs and IFFTs that must be
performed). In the second approach, we use SPB to obtain feate values directly (SPB-
D). This approach does not require IFFT operations and the sygtem is consequently more
compact. As we will discuss below, e ective implementation & SPB-D requires smoothing

in the spectral domain.

5.2 The Principle of Small Power Boosting

Before presenting the structure of the SPB algorithm, we rst review how we obtain spectral

power in our system, which is similar to the system in[[42]. Pe-emphasis in the form of
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H(z) =1 097z ! is applied to an incoming speech signal sampled at 18Hz. A short-
time Fourier transform (STFT) is calculated using Hamming windows of a duration of 25.6

ms. Spectral power is obtained by integrating the magnitude of the STFT coe cients over
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a series of weighting functions[|54]. This procedure is regsented by the following equation:
X 1 _ :
P@i)= X (€' jHi(e )j? (5.1)
k=0
In the above equationi and j represent the channel and frame indices respectively\ is the

FFT size, and H;(d" ) is the frequency response of thé-th Gammatone channel. X (&' «;j)
is the STFT for the j-th frame. wy is dened by ! | = %; 0 k N 1.

In Fig. we observe the distributions of log@ (i;j )) for clean speech, speech in
0-dB music, and speech in 0-dB white noise. We used a subset 60 utterances to obtain
these distributions from the training portion of the DARPA R esource Management 1 (RM1)
database. In plotting the distributions, we scaled each waeform to set the 95-th percentile of
P(i;j ) to be 0 dB. We note in Fig. [5.1(a) that higher values of P (i; ) are (unsurprisingly) less
a ected by the additive noise, but the values that are small in power are severely distorted
by additive noise. While the conventional approach to this problem is spectral subtraction
(e.g. [10Q)), this goal can also be achieved by intentionally booshg power for all utterances,
thereby rendering the small-power regions less a ected by th additive noise. We implement

the SPB algorithm with the following nonlinearity:

q
Ps(i;j) = P(i;j)%+( P peak)? (5.2)
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We will call  the "small power boosting coe cient" or "SPB coe cient”.  Ppeak iS de ned to
be the 95-th percentile in the distribution of P(i;j ). In our algorithm, further explained in
Subsection 5.8 and 5.8, after obtainingPs(i;j ), either resynthesis or smoothing is performed.
After that, the logarithmic nonlinearity follows. Thus, if we plot the entire nonlinearity
de ned by (B2) and the subsequent logarithmic nonlinearity, then the total nonlinearity is
represented by Fig.[5.2. Suppose that the power of clean spaeat a speci ¢ time-frequency
bin P (i;j ) is corrupted by additive noise . The log spectral distortion is represented by the

following equation:

d(i;j) = log(P(i;j)+ ) log(P(i;j))
1
= log 1+ —— 5.3
J (i) 63
where (i;j ) is the Signal-to-Noise Ratio (SNR) for this time-frequeng bin de ned by:
. P(;]
(i;j)= ) (5.4)

Applying the nonlinearity of (£.2] and the logarithmic nonl inearity, the remaining distortion

is represented by:

ds(i;) ) log(Ps(i:j)+ ) log(Ps(iij)) 4

log %1 + ¥ ! 2§ (5.5)

(ij)2+ S

The largest di erence betweend(i;j ) and ds(i;j ) occurs when (i;] )is relatively small. For

small power regions even if is not large, (i;j) will become relatively large, and in (53),

the distortion will diverge to in nity as  (i;j ) approaches zero. In contrast, in [B5b), even if
(i;] ) approaches zero, the distortion converges to logl + - .

Consider now the power distribution for SPB-processed pows. Fig. compares
the distributions for the same condition as Fig.[5.1(a}. We @n clearly see that the distortion
is greatly reduced.

As can be seen, SPB reduces the spectral distortion and prad¥es robustness to additive
noise. However, as described in our previous papér [52], albnlinearities motivated by human

auditory processing, such as the \S"-shaped nonlinearity ad the power-law nonlinearity

51



curves, also use this characteristic; however these approles are less e ective than the SPB
approach described in the paper. The key di erence, though, § that in other approaches,
the nonlinearity is directly applied for each time-frequerncy bin. As will be discussed in
Subsection[5.4, directly applying the non-linearity resuts in reduced variance for regions of
small power, thus reducing the ability to discriminate small di erences in power and nally,

to di erentiate speech sounds. We explain this issue in detdiin Section[5.4.

5.3 Small Power Boosting with

Re-synthesized Speech (SPB-R)

In this Subsection, we discuss the SPB system, which resyntsizes speech as an interme-
diate stage in feature extraction. The entire block-diagran for this approach is shown in
Fig. 3. The blocks leading up to Overlap-Addition (OLA) are for small power boost-
ing and resynthesizing speech, which is nally fed to convetional feature extraction. The
only di erence between the conventional MFCC features and ou features is the use of the
gammatone-shaped frequency integration with the equivalet rectangular bandwidth (ERB)
scale [5] instead of the triangular integration with the MEL scale [20]. The advantages of
gammatone-integration are described in[[52], where gammahe-based integration was found
to be more helpful in additive noise environments. In our syeem we use an ERB scale with
40 channels spaced between 130 Hz and 6800 Hz. From{5.2), thveighting coe cient w(i;j )

for each time-frequency bin is given by:
S
2
U o gy Do (5.:6)
P(isj) P(ij)

Using w(i;j ), we apply the spectral reshaping expressed in [42]:

w(izj) =

P, |
| w(ij) Hi @'

K;j)= P _ 5.7
g( J) i|=01jHi (9| k)_] ( )

where | is the total number of channels, andk is the discrete frequency index. The recon-

structed spectrum is obtained from the original spectrumX &' x:j by using g(k;j) in

@&13) as follows:

Xs &' Kij oKX €K (5.8)
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Fig. 5.4: Word error rates obtained using the SPB-R algorithm as a funtion of the value of the SPB
Coe cient. The lled triangles at the y-axis represent the baseline MFCC performance for
clean speech (upper triangle) and for additive background wusic noise at 0 dB SNR (lower

triangle), respectively.

Speech is resynthesized usings €' «:j by performing IFFT and using OLA with hamming

windows of 25 ms duration and 6.25 ms intervals between adja&nt frames, which satisfy the
OLA constraint for undistorted reconstruction. Fig. 5.4]1pl ots the WER against the SPB
coe cient . The experimental con guration is as described in Subsectin[58. As can be
seen in that gure, increasing the boosting coe cient results in much better performance
for highly non-stationary noise even at 0 dB SNR; while losiy some performance for the
clean environment. Based on that trade-o between the cleanand noisy performance, we

may select the SPB coe cient in 0.01-0.02.

5.4 Small Power Boosting with

Direct Feature Generation (SPB-D)

In the previous Subsection we discussed the SPB-R system widti resynthesizes speech as
an intermediate step. Because resynthesizing the speech piite computationally costly,

we discuss in this Subsection an alternate approach that gerates SPB-processed features
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Fig. 5.6: The e ects of weight smoothing on performance of the SPB-D glorithm for clean speech
for speech corrupted by additive background music at O dB. Bh lled triangles at the y-
axis represent the baseline MFCC performance for clean (umgp triangle) and 0 dB additive

background music (lower triangle) respectively. The SPB acient was 0.02.

without the resynthesis step. A direct approach towards tha end would be to simply apply
the Discrete Cosine Transform (DCT) to the SPB-processed paer Pg(i;j ) terms in (B2).
Since this direct approach is basically a feature extractio system itself, it will of course
require that the window length and frame period used for segrantation into frames for SPB
processing be the same values as are used in conventional tf@a extraction. Hence we
use a window length of 2% ms with 10 ms between successive frames. We refer to this
direct system as Small Power Boosting with Direct Feature Gaeration (SPB-D), and it is
illustrated in Fig. §£.5]

Comparing the WER corresponding toM =0 and N =0 in Fig. 5.61to the performance
of SPB-R in Fig. &4), it is easily observed that SPB-D in the aiginal form described above
performs far worse than the SPB-R algorithm. These di erence in performance are re ected
in the corresponding spectrograms, as can be seen by compagi Fig. to the SPB-R-
derived spectrogram in Fig.[5.7(b}). In Fig.[5.7(c}, the variance in small power regions is very
small (concentrated at P peax in Fig. and (&.2)), thus losing the power to discriminate

sounds which have small power. Small variance is harmful intis context because PDFs in the
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Fig. 5.7: Spectrograms obtained from a clean speech utterance usingetent processing: (a) conven-
tional MFCC processing, (b) SPB-R processing, (c) SPB-D praessing without any weight
smoothing, and (d) SPB-D processing with weight smoothindd = 4;N =1 in (&9). A

value of 0:02 was used for the SPB coe cient . (E2)

training data will be modeled by Gaussians with very narrow peaks. As a consequence small
perturbation in the feature values from their means lead to hrge changes in log-likelihood
scores. Hence we should avoid variances that are too small magnitude.

We also note that there exist large overlaps in the shape of gamatone-like frequency
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responses, as well as an overlap between successive framd$wus, the gain in one time-
frequency bin is correlated with that in an adjacent time-frequency bin. In the SPB-R
approach, similar smoothing was achieved implicitly by the spectral reshaping from [9.1#)
and (&8), and in the OLA process. With the SPB-D approach thespectral values must be
smoothed explicitly.

Smoothing of the weights can be done horizontally (along tine) as well as vertically

(along frequency). The smoothed weight are obtained by:

P P .
L0 it log (w(i®j9)

w(i;j ) = exp (2N +1)2M +1)

(5.9)

where, M and N respectively indicate smoothing along the time and frequeny axes. The
averaging in (&9) is performed in the logarithmic domain (eguivalent to geometric averaging)
since the dynamic range ofw(i;j ) is very large. (If we had performed a normal arithmetic
averaging instead of geometric averaging in[(519), the redting averages would be dominated
inappropriately by the values of w(i;j ) of greatest magnitude.)

Results of speech recognition experiments using di erent vies ofM and N are reported
in Fig. B.B. The experimental con guration is the same as wasused for the data shown
in Fig. B4 We note that the smoothing operation is quite hepful, and that with suitable
smoothing the SBP-D algorithm works as well as the SPB-R. In or subsequent experiments,
we used values oN =1 and M =4 in the SPB-D algorithm with 40 gammatone channels.
The corresponding spectrogram obtained with this smoothirg is shown in Fig., which
is similar to that obtained using SPB-R in Fig.

5.5 log spectral mean subtraction

In this Subsection, we discuss log spectral mean subtractio (LSMS) as an optional pre-
processing step in the SPB approach and we compare the perfmance between LSMS com-
puted for each frequency index and LSMS computed for each gamatone channel. LSMS
is a standard technique which has been commonly applied forabustness to environmental
mismatch, and this technique is mathematically equivalentto the well known cepstral mean

normalization (CMN) procedure. Log spectral mean subtracion is commonly performed for
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log (P (i;j )) for each channeli as shown below.

P(i;)) = ijf'”)

- (5.10)
exp(ziir  Jorj L log (P(isj 9))

Hence, this normalization is performed between the squaredammatone integration in each
band and the nonlinearity. It is also reasonable to apply LSM5 for X (e «:j) for each
frequency index k before performing the gammatone frequency integration. Tls can be

expressed as:

X(ei! k?i)
r j+|-

NG E _ ——
explarsr oo o l0g (X (& «i19))))

(5.11)

Fig. depicts the results of speech recognition experinms using the two di erent
approaches to LSMS (without including SPB). In that gure, t he moving average window
length indicates the length corresponding to 2 + 1 in (£10) and (EI1). We note that
the approach in (5I0) provides slightly better performan@ for white noise, but that the
performance di erence diminishes as the window length incrases. However, the LSMS based
on (&1I1) shows consistently better performance in the premnce of background music, which
is consistent across all window lengths. This may be explaied due to the rich discrete
harmonic components in music, which makes frequency-indekased LSMS more e ective.
In the next Subsection we examine the performance obtained ken LSMS as described by

(B17) is used in combination with SPB.

5.6 Experimental results

In this Subsection we present experimental results using th SPB-R algorithm described
in Subsection[5.3 and the SPB-D algorithm described in Seatn [5.4. We also examine the
performance of SPB is combination with LSMS as described in @section[5.5. We conducted
speech recognition experiments using the CMUBphinx 3.8 system with Sphinxbase 0.4.1 .
For training the acoustic model, we usedSphinxTrain 1.0 . For the baseline MFCC feature,
we usedsphinx _fe included in Sphinxbase 0.4.1 . All experiments in this and previous
Subsections were conducted under identical condition, wh delta and delta-delta components
appended to the original features. For training and testingwe used subsets of 1600 utterances

and 600 utterances respectively from the DARPA Resource Maagement (RM1) database.
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Fig. 5.8: The e ect of Log Spectral Subtraction for (a) background mug and (b) white noise as a

function of the moving window length. The lled triangles atthe y-axis represent baseline

MFCC performance.

To evaluate the robustness of the feature extraction approehes we digitally added white
Gaussian noise and background music noise. The backgroundusic was obtained from
musical segments of the DARPA HUB 4 database.

In Fig. SPB-D is the basic SPB system described in Substton 641 While we
noted in a previous paper [[42] that gammatone frequency intgration is provides better
performance than conventional triangular frequency integation the e ect is minor in these

results. Thus, the performance boost of SPB-D over the basgle MFCC is largely due to
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the SPB nonlinearity in (B2) and subsequent gain smoothing SPB-D-LSMS refers to the
combination of the SPB-D and LSMS techniques. For both the SB-D and SPB-D-LSMS
systems we used a window length of 26 ms with 10ms between adjacent frames. Even

though not explicitly plotted in this gure, SPB-R shows nearly the same performance as

SPB-D as mentioned in[5.4 and shown in Fig[54.

We prefer to characterize improvement in recognition accuacy by the amount of lateral
threshold shift provided by the processing. For white noise SPB-D and SPB-D-LSMS pro-

vides an improvement of about 7 dB to 8 dB compared to MFCC, as Bown in Fig. B3.
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SPB-R-LSMS results in slightly smaller threshold shift. For comparison, we also conduct
experiments using the Vector Taylor Series (VTS) algorithm [9], as shown in Fig.[5®. For
white noise, the performance of SPB family is slightly worsehan that obtained using VTS.

Compensation for the e ects of music noise, on the other hand,s considered to be
much more dicult ( e.g. [40]). The SPB family of algorithms provides a very impressie
improvement in performance with background music. An implenentation of SPB-R-LSMS
with window durations of 50 ms provides the greatest threshtd shift (amounting to about
10 dB), and SPB-D provides a threshold shift of around 7 dB. VTS provides a performance
improvement of about 1 dB for the same data.

Open Source MATLAB code for SPB-R and SPB-D can be found at Thecode in this

directory was used for obtaining the results in this paper.

5.7 Conclusion

In this Subsection, we presented a robust speech recognitioalgorithm named Small Power
Boosting (SPB), which is very helpful for di cult noise envi ronment such as music noise.
Our contribution is summarized in the following. First, we examine the PDFs obtained from
clean and noisy environments, and observe that small poweregion is most vulnerable to
noise. Based on the observation, we intentionally boost thesmall power region. We also
noted that we should not boost power in each time-frequency Im independently as adjacent
time-frequency bins are highly correlated. This can be acldved implicitly in SPB-R and by
applying weighting smoothing in SPB-D. We also observed thadirectly applying nonlinearity
results in too small variance for small power regions, whichis harmful for robustness and
speech sound discrimination. Finally, we also observe thafor music noise LSMS for each

frequency index is more helpful than doing this for each chanel index.
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6. ENVIRONMENTAL COMPENSATION USING POWER DISTRIBUTION

NORMALIZATION

In this chapter, we will discuss several power distributionnormalization methods especially
based on the power amplitude distributions at each frequeng band.

One characteristic of speech signals is that its power levethanges rapidly while the
background noise power usually changes more slowly. In thease of stationary noise such as
white or pink noise, the variation of power approaches zerodfithe window length is su ciently
large. Even in case of non-stationary noise like music nois¢he noise power is not changing
as fast as the speech power. Thus, if we measure the variatioof the power, then it can be
e ectively used to see how much the current frame is a ected by mise, and furthermore, this
information can be used for equalization. One e ective way ofdoing this is measuring the
ratio of arithmetic mean to geometric mean, since if power vlues are not changing very fast,
then both arithmetic and geometric mean will have similar vaues, but if they are changing
fast, then arithmetic mean will be much larger than the geoméric mean. This ratio is directly
related to the shaping parameter of the gamma distribution B5], and it has also been used
to estimate the signal-to-noise ratio [55].

In this chapter, we introduce new power distribution normalization algorithms based on
this principle. We observe that the the ratio of arithmetic m ean to geometric mean ratio of
the power within each freqeuncy band di ers signi cantly fro m clean environments to noisy
environment. Thus, by using the ratio obtained from the training DB of clean speech, several
di erent ways of normalization can be considered. As one of sth approaches, in Sectiofi 611,
we discuss the Power Bias Subtraction (PBS) approach. In thé approach, we subtract the
unknown power bias level from the test speech to make the AMd-GM ratio the same as
that of clean training DB.

Another approach called Power-function-based Power Distibution Normalization (PPDN)



is based on application of the power nonlinearity. In this agroach, input band power is ap-
plied to the power nonlinearity to make the AM-to-GM ratio af ter the nonlinearity the same

as that of clean speech.

6.1 Medium-Duration Power bias subtraction

In this section, we discuss medium-duration power distribdion normalization, which provides
further decreases in WER. This operation is motivated by thefact that perceptual systems
focus on changes in the target signal and largely ignore cotemt background levels. The
algorithm presented in this section resembles conventiorigpectral subtraction in some ways,
but instead of estimating noise power from non-speech segmis of an utterance, we simply

subtract a bias that is assumed to represent an unknown levebf background stimulation.

6.1.1 Medium-duration power bias removal based on arithmeat-to-geometric mean ratios

In Section[3.2, we argued that noise compensation can be agoplished more e ectively if we
use the temporal analysis methods such as the running averagmethod, and the medium-
duration window method. In this subsection, we will introduce Power Bias Subtraction
(PBS) using the medium-duration running average method exained in Section[3.Z2].

The rst stage of the PBS is frequency analysis. Pre-emphasiofH(z)=1 097z lis
performed, and Applying a short-time hamming window with 25:6 ms length is followed.
Short-time Fourier Transform (STFT) is performed and the spectrum is squared. The
squared spectrum is integrated using the squared gamamton&equency response. Using
this procedure, we can obtain the channel-by-channel poweP[m; 1] where m is the channel
index and | is the frame index. In the equation form, it is represented adollows:

K 1 . . 2
P[m;1] = X [m; &% )G (&' ) (6.1)
k=0

, where N is the FFT size. Since we are using 100-ms windows at 16-kHz m#@ling rate,
N =2048. G|[K] is the I-th channel gammatone Iterbank, and X [m;e'¥ ) is the short-time
spectrum of the speech signal for thism-th frame. We are using 40 gammatone channels to

obtain the channel-by-channel powerP [m;I].
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Fig. 6.1: Comparison betweenG(l) coe cients for clean speech and speech in 10-dB white noise,

usingM =3 in (B3).

We estimate the medium-duration power of speech signa@[m;|] by computing the run-
ning average of P[m;l], the power observed in a single analysis frame, accordingotthe

equation:

rrer
P[m%1] (6.2)
O=m M

Q[m;1] = M+ 1

wherel represents the channel index andn is the frame index. As mentioned before, we use
a 25.6-ms Hamming window, and 10 ms between successive frasné\Ve found that M = 3 is
optimal for speech recognition performance, which correspnds to seven consecutive windows

or 85.6 ms.

We nd it convenient to use the ratio of arithmetic mean to geometric mean (the \AM-to-
GM ratio") to estimate the degree of speech corruption. Becase addition is easier to handle
than multiplication and exponentiation to the power of 1=M, we use the logarithm of the
ratio of arithmetic and geometric means in thel-th channel as the normalization statistic:

""Xl # %t

G(l) = log max(Q[m;1]; )  — log [max (Q[m;I]; )] (6.3)

m=0 m=0
where the small positive constant is imposed to avoid evaluations of negative in nity. Fig.
illustrates typical values of the statistic G(I) for clean speech and speech that is corrupted

by additive white noise at an SNR of 10 dB. As can be seen, valgeof G(I) tend to increase
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with increasing SNR. G(I) was estimated from 1,600 utterances of the DARPA resource

management training set, with M = 3 as in (83).

6.1.2 Removing the power bias

Power bias removal consists of estimatingd [I], the unknown level of background excitation
in each channel, and then computing the system output that waild be obtained after it is
removed. If we could assume a value foB [l], the normalized powerQ[m;|jB ()] is given by

following equation:
QIm; 1jB (1)) = max( Q[m; 1]  B(l); doQ[m;1]) (6.4)

In the above equation dy is a small constant (currently 10 2) that prevents Q[m;I] from

becoming negative. Using this normalized powe[m;|jB (1)) , we can de ne the parameter

G(ljB (1)) from (E27) and (&.4):

"'\X . ”
G(IjB (1)) = log max Q[m;1jB(1)); c (1) (6.5)
m=0
1% 1 h [
'V log max Q[m;1jB(1));¢c (1) (6.6)
M m=0
The oor coecient ¢ () is de ned by:
1 X1 |
c()=di Q[m; 19 (6.7)

m0=0
In our system, we used; of 10 3, causingd; to represent 30 dB of the channel average
power. In our experiments, we observed that; (1) plays a signi cant role in making the power
bias estimate reliable, so its use is highly recommended. Weoted previously that the G(I)
statistic is smaller for corrupt speech than it is for clean peech. From this observation, we
can de ne the estimated power biasB (l) as the smallest power which makes the AM-to-GM

ratio the same as that of clean speech. This can be representdy the equation
( )
B (D=min B(l) G(jB(l)) Gq(l) (6.8)

where G¢((l) is the value of G(l) observed for clean speech, as shown in Figl_%6.1 Hence

we obtain B (l) by increasing B(l) in steps from 50 dB relative to the average power in
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Channell until G(IjB (1)) becomes greater thanG(l) as in Eq. (&8). Using this procedure
for each channel, we can obtairQ(m;1jB (I)). Thus, for each time-frequency bin represented
by [m, ], the power normalization gain is given by:
Q[m;1jB (1))
Q[m; 1]

For smoothing purposes, we average across channels from tile N )-th channel up to the

wlm; 1] = (6.9)

(I + N)-th channel. Thus, the nal power P[m;l] is given by the following equation,
0 _ .
1 TR w[I®m]A P[m; 1] (6.10)
2N +1 ' ' '

10=max (I N;1)

P[m;l]= @

where C is total number of channels. In our algorithm, we useN =5 and a total humber
of 40 gammatone channels. This normalized poweP[m;|] is applied to the power function

nonlinearity as shown in the block diagram of Fig. ?72.

6.1.3 Simulation results with Power Normalized Cepstral Ce cient

As of now, we haven't tested the performance of PBS as a sepamsystem. Thus in this
subsection, we present experimental results when it is useds a part of Power Normalized
Cepstral Coe cient (PNCC). PNCC system will be explained in detail in Chapter Bland the

experimental results are presented in that chapter.

6.2 Bias estimation based on Maximizing the sharpness of the powertdisition

and power ooring

In this section we describe a power-bias subtraction that isbased on maximization of the
sharpness of the power distributions. This approach is di eent from the approach described
in the previous section First, instead of matching the sharmess of the distribution of power
coe cients to a training database, we simply maximize this sharpness distribution. We con-
tinue to use the ratio of the arithmetic mean to the geometric mean of the power coe cients,
which we refer to as the \AM-to-GM ratio", as this measure has proved to be a useful and

easily-computed way to characterize the data. €.g. [55]). Second, we apply a minimum
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threshold to these power values (which we call \power ooring," because the spectrotempo-

ral segments representing speech that exhibit the smallegtower are also the most vulnerable

to additive noise (e.g. [34]). Using power ooring, we can reduce spectral distortbn between

training and test sets for these regions. In this section, wewill present experimental results

when it is applied to the PNCC. The PNCC structure will be described in much more detalil

in Chapter

68



Iog10 Q(m,l)

Nlog (g =log,(d,+ d) T s

8- 10 (%) -

100 200 300 400 500 600 700 800
Frame Indexm

Fig. 6.4: Medium duration power g[m;|] obtained from the 10" channel of a speech utterance cor-
rupted by 10-dB additive background music. The bias powendel (q,) and subtraction power
level () are represented as horizontal lines. Those power levels erthe actual calculated
levels calculated using the PBS algorithm. The logarithm ahe AM-to-GM ratio is calculated

only from the portions of the line that are solid.

6.2.1 Power bias subtraction

Notational conventions. We begin by de ning some of the mathematical conventions use
in the discussion below. Note that all operations are perfamed on a channel-by-channel basis.

Consider a setQ(l) as follows:

n (0]
Q= QM%19:1 m°® M™M;I%=| (6.11)

where Q[m; I] is the medium-duration power given by (8.3). We de ne the truncated setQ

with respect to the threshold t (which is a subset ofQ(l) above) as follows:

n o]
Q)= QMI:Qm;II>t;1 m M;I1%=1 (6.12)
We use the symbol to represent the mean ofQ(l):
1 X .
QY= & Q[m-~ 1] (6.13)
O—
m°=1
We de ne the max operation between a set and a constant in the following way:
n 0
max Q(l);c = max q;c :q2Q(l) (6.14)
Finally, the symbol represents the logarithm of the AM-to-GM ratio for a set Q(l):
|
1 W 0, 1M .
(QM)=log — QM T logQmS] (6.15)
o 0=
m®=1 mo=1
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Implementation of PBS. The objective of PBS is to apply a bias to the power in
each of the frequency channels that maximizes the sharpness the power distribution. This
procedure is motivated by the fact that the human auditory system is more sensitive to
changes in power over frequency and time than to relatively onstant background excitation.

The motivation of power ooring is twofold. First, we wish to limit the extent to which
power values of small magnitude a ect Eq. [6.1%), speci caly to avoid values ofQ(l) that are
close to zero which cause the log value to approach negative nity. Second, as mentioned
in our previous work (e.g. [62,[34]), because small power regions are the most vulnerighto
additive noise, we can reduce the spectral distortion causkby additive noise by applying
power ooring both to the training and to test data [34].

Let us consider the setQ(l) in (E11). If we subtract ¢ from each element, we obtain the

following set:

n
R(jo) = RMSIY : RMSI9= QMY o;
o}
1 m® Mm;I%=| (6.16)
Elements in R(ljg) that are larger than the threshold ¢ are used in estimating the bias

level; values smaller thang are replaced byg .

In selecting g we rst obtain the following threshold:

&=¢c Rpllion) (6.17)

where ¢ is a small coe cient called the \power ooring coe cient”, a nd Rq(ljg) is the
truncated set using the notation de ned in (B.12) with the th reshold oft = 0. For convenience

this truncated set is shown below:

n (0]
Ro (i) = RIMSI9:RM%19> 0,1 m® Mm;10=1 (6.18)

To prevent a long silence or a long period of constant power &m a ecting the mean value,

we use the following threshold instead ofy:

% = Co (Rq)(lj%)) (6.19)

Again, R q)(ljgo) is the truncated set obtained from R(ljgo) using a threshold oft = q
(using the de nition of the truncated set in (§.12)). Next, t he AM-to-GM ratio is calculated
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using the above power oor levelg . Even though ¢ and ¢ are actually di erent for each

channell, we drop the channel index for those variables for notationasimplicity.

9() = max Rq)(ljd); ok (6.20)

The statistic g(p) in the above equation represents the logarithm of the AM-tocGM ratio
of power values whose values are abowg after being subtracted by ¢p; and these values are
oored to ¢ . The value of ¢ is selected which maximizes Eq.[{6.20):
n o]

tp = arg mqa(}x max R q)(joo); o (6.21)

In searching for gy using (&.21), we used the following range:
n Do o]

Cbezo or m, 70 n 10,n22 (622)
where pg is the peak power value after peak power normalization. Afte estimating ¢, the

normalized powerQ[m;I] is given by:

Qlm;l]=max Q[m;l]  co; (6.23)

As noted above,q provides power ooring. Fig. demonstrates that the powe ooring
coe cient ¢g has a signi cant e ect on recognition accuracy. Based on thes results we
use a value of @1 for ¢y to maintain good recognition accuracy both in clean and noig
environments.

Recall that the weighting factor for a specic time-frequency bin is given by the ratio
Q[m;11=Q[m;1]. Since smoothing across channels is known to be helpfuég. [34], [42]) the
weight for channel | is smoothed by computing the average from thel( N)" channel up to

the (I + N)™ channel. Hence, the nal powerP[m;I] is given by:
0 " 1
2 .

PIm;1] = @|2 |1+1|0:|1Q[m;I(]

P[m;I] (6.24)

wherel; = min(l  N;L) and I, = max(l + N; 1), and L is the total number of channels.
Fig. shows how recognition accuracy depends on the valug the smoothing parameter
N. From this gure we can see that performance is best foN =3 or N = 4. In the present

implementation of PNCC we useN =4 and a total number of L = 40 gammatone channels.
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6.2.2 Experimental results and conclusions

The implementation of PNCC described in this paper was evalated by comparing the recog-
nition accuracy obtained with PNCC introduced in this paper with that of conventional
MFCC processing implemented assphinx _fe in sphinxbase 0.4.1 , and with PLP pro-
cessing usingHCopyincluded in HTK 3.4 In all cases decoding was performed using the
CMU Sphinx 3.8 system, and training was performed usingSphinxTrain 1.0 . A bigram
language model was used in all experiments. For experimentssing the DARPA Resource
Management (RM1) database we used subsets of 1600 utterargdor training and 600 ut-
terances for testing. In other experiments we used WSJO Si8training set and WSJO 5k
test set. To evaluate the robustness of the feature extracon approaches we digitally added
three di erent types of noise: white noise, street noise, andbackground music. The back-
ground music was obtained from a musical segment of the DARPAHub 4 Broadcast News
database, while the street noise was recorded by us on a busireet. We prefer to character-
ize improvement in recognition accuracy by the amount of laeral threshold shift provided by
the processing. For white noise, PNCC provides an improvenrg of about 13 dB compared
to MFCC, as shown in Fig. [64. For street noise and backgroundmusic, PNCC provides
improvements in e ective SNR of about 9.5 dB and 5.5 dB, respetively. In the WSJO ex-
periment, PNCC improves the e ective SNRs by about 10 dB, 8 dB, and 2.5 dB for the
three types of noise. These improvements are greater than iprovements obtained with al-
gorithms such as Vector Taylor Series (VTS) [[9] and signi cantly better than the standard
PLP implementation, as shown in Fig. [6.4. For clean environnents, all four approaches
(MFCC, PLP, VTS, PNCC) provided similar performance, but PN CC provided the best
performance for both the RM1 and WSJO 5k test set. The resultsdescribed in this paper
are also somewhat better than the previous results descriltein [52], which were obtained
under exactly the same conditions. Improvements comparedd the original implementation
of PNCC were greatest at lowest SNRs and with background musi The improved PNCC
algorithm is conceptually and computationally simpler, and it provides better recognition
accuracy.

Open Source MATLAB code for PNCC can be found at http://www.cs.cmu.edu/
~robust/archive/algorithms/PNCC_ICASSP2010 . The code in this directory was used for
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obtaining the results in this paper.

6.3 Power-function-based power distribution normalization algoritim

6.3.1 Structure of the system

FFig. shows the entire structure of our power distribution normalization algorithm. The
rst step is doing pre-emphasis on the input speech signal. Mxt, medium duration (100
ms) signal is obtained by applying the hamming window. In our system, we are using 10
ms frame period and 100 ms window length. The reason for usingather longer window
(medium duration window) will be explained later. After doi ng this, FFT and gammatone
integration are done to obtain the band powerP[m;1] which is shown below:

X 1 .
PIm;11= jX[m;jtk JH (" )j? (6.25)
k=0

wherel and m represent the channel and frame indices respectivel¥ is the discrete frequency
index, and N is the FFT size. Since we are using 100 ms window, for 16 kHz-sgled audio
samples,N is 2048. H[K] is the spectrum of the gammatone Iter bank for the I-th channel
and X [m;K] is the short-time spectrum of the speech signal for thism-th frame. We are
using 40 gammatone channels for obtaining the bandpower. Aér power equalization which
will be explained in the following subsections, we do spec#d reshaping and do the IFFT

using OLA to get enhanced speech.

6.3.2 Arithmetic mean to geometric mean ratio of powers in eah channel and its
normalization

In this subsection, we will examine how the arithmetic mean b geometric mean ratio looks
like in each channel. The ratio of the arithmetic mean to the gecometric mean ofP[m;I] for

each channel is given by the following equation:

P

1
QMl

M tpmi] ™

9(l) =

(6.26)
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Since, addition is easier to handle than multiplication and power to 1=M, we will use the
following logarithm of the above ratio in the following discussion.

%1 | K1

G() =log P[m;I] Mi logP[m;I] (6.27)

m=0 m=0
Fig. illustrates G(l) for clean and noisy speech corrupted by 10-dB additive whi¢ noise.
Thus, we can see that in noisy condition, the values are very icerent. From now on, let's

representG(l) obtained from clean training database asGg(l). Now, we will see how we can

normalize this di erence using a power function.
Pal[m;1] = kP [m; 1] (6.28)

In the above equation, P[m;I] is the corrupt medium duration power, and Pg[m;l] is nor-
malized medium duration power. We want the AM-to-GM ratio fr om normalized power to
have the same value from the clean database. Now, our objeg® is estimating both k; and
a, under this criterion.

Putting Pg[m; 1] in (B227) and canceling outk, , the ratio G (lja)) from this transformed

variable Pg[m; 1] can be represented by the following equation:

|
. 1 %1 .
Gea(lja) = log M P[m; 1™
m=0
I\y( 1
= log P [m; 1] (6.29)

m=0

For a speci ¢ channell, we see thata, is the only unknown variable in G¢(lja;). Now, from

the following equation:
Ga(lja) = Gal(l) (6.30)

we can obtain a, value. To obtain the solution, we can use the Newton-Raphsomethod.
Now, we need to obtaink; in (B28). By assuming that the derivative of Pg[m;I] with
respect toP[m; 1] is the unity at max, P[m;I] for this channel |, we can set up the following
constraint.

dPei[m; 1]
dP[m;I]

max m P[m;l]

=1 (6.31)
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The above constraint is illustrated in Fig 6.8 The meaning d the above equation is that the
slope of the nonlinearity is the unity for the largest power d the I-th channel. This constraint
might look arbitrary, but it makes sense for additive noise @ase, since the following equation

will hold:
P[m;1]= Pg[m;1]+ N[m;l] (6.32)

where P [m; 1] is the true clean speech power, and\ [m;|] is the noise power. By di erenti-

ating the above equation with respect toP[m; 1], we obtain:

dPy[m; 1] _ dN[m;1]
dP[m;1] dP[m; 1]

(6.33)

For the peak P[m;I] value, for a variation of P[m;I], the variation of N[m;I] will be much
small, which means variation of P[m;I] around its largest value would be mainly due to
variation of speech power not due to the noise power. Thus, th second term on the right
hand side in (&33) would be very small, thus it yields [63l) By arranging (&.31)) with

(628), we can obtaink; value, as follows:

k = lmaxp[m;l]l & (6.34)

q m
Using the above equation with [6.28), we see that the weightdr P (l; m) is given by:
Pei[m; 1]
P[m;I]

1 Pml] **
a maxm P[m;l]

w[m;I]

(6.35)

After obtaining the weight w[m;l] for each gammatone channel, we reshape the original

spectrum X [m; &'k ) using the following equation for them th frame:

Xm;e™ )= (w[m; 1iH (e )j)*X [m; &™) (6.36)
As mentioned before,H,(e'® ) is the spectrum of the I-th channel of the gammatone lter
bank. X[m;e'® ) is the resultant enhanced spectrum. After doing this, we dothe IFFT of
X [m; &k ) to retrieve the time-domain signal and do the post-deemphais to compensate

the e ect of the previous pre-emphasis. Speech waveform is sgnthesized using the OLA.
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6.3.3 Medium duration window

As mentioned in Chapter[3, even though short time windows of 2 30 ms duration are
suitable for feature extraction for speech signals, in manyapplications, we observe that
windows longer than this are better for normalization purpose [52] [[42]. The reason is
because noise power is changing more slowly than the fast#ydng speech signal. Thus, to
model the speech part, we need to use short windows, but if we amt to measure the noise
power and compensate it, then longer windows might be betterFig. illustrates the accuracy
as a function of window length. As can be seen in this gure, ifwe use the normal window
length of 25 ms, then it's doing signi cantly poorer than longer window. Based on this gure,
we see that a window of length between 75 ms and 100 ms is optirhtor performance. We

will call a window of this duration "medium duration window" .

6.3.4 On-line implementation

In many applications, we want an on-line algorithm for speeb recognition and speech en-
hancement. In this case, we cannot use[{6.29) for obtaininghte coe cient a, since this
equation requires the knowledge about the entire speech sigl. Thus, in this section we
will discuss how on-line algorithm version of the power equlization algorithm can be imple-
mented. To resolve this problem, we de ne two termsS;[m; |] and S;[m; ] with the forgetting

factor of 0.9 as follows.

Sim;ljag] = Sam LI1+@  )Q(m)™ (6.37)
So[m;lja]l = Saom LI+ @  )InQ(m)® (6.38)
a=1;2::10

In our on-line algorithm, we calculate S;(m;lja) and Sy(m;lja) for integers value ofa in
1 & 10 for each frame. From [62P), we can de ne the on-line versn of G(I) using

Si[m; 1] and Sy[m; 1.
Ga(m;ljay) =log( Si(m;lja)) S(m;ljay);a =1;2;::10 (6.39)
Now, the &[m;I] is de ned as the solution to the following equation:
Ga(m;lja[m;1]) = Ga(l) (6.40)
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Since we are updatingG¢(m;lja) for each frame using integer values ofy in1 a 10,
we use linear interpolation of G, (m;lja;) with respect to a to obtain the solution to (6.40).
For estimating k; using (&.34), we need to obtain the peak power. In the on-linesersion, we

de ne the following on-line peak powerM [m;1].

M[m;lI] = max( M [m 1 1];P[m;I]) (6.41)

Q[m; 1]

Qm L1+ (1 )M [m; 1] (6.42)

Instead of directly using M [m; 1], we use the smoothed online pealQ[m;|]. Using Q[m;I]
and &[m; 1] with (635), we obtain:

1 P[m; 4mi?
a[m; 1] Q[m;l]
Now, using w[m;1] in (E38), we can normalize spectrum and can do resynthesizspeech

suing IFFT and OLA. In (&.41) and (6.42), we use the same of 0.9 as those in[(6.3FF) and

wm;l] = (6.43)

&38). In our implementation, we use the rst 10 frames for estimating the initial values
of the 4[m;I] and Q[m; ], but after doing this initialization, no lookahead bu er is used in
processing the speech.

Fig. shows spectrograms of original speech corruptedyhvarious types of additive
noise, and corresponding spectrograms of processed speeasing the on-line PPDN explained
in this section. As shown in[6.11(b), for additive Gaussian ‘hite noise, improvement is
observable even at 0-dB Signal-to-Noise Ratio (SNR) level.For the 10-dB SNR music and
5-dB SNR street noise which are more realistic noise, as showin [6.11(d)] and [6.11(f), we

can clearly observe that processing gives us improvementdn the next section, we present

speech recognition experimental results using the on-lin®PDN.

6.3.5 Simulation results of the on-line power equalizationalgorithm

In this section, we will see the experimental results obtaied on the DARPA Resource Man-
agement (RM) database using the on-line version explainedni Section[6.3.4. First, percep-
tually, we could observe that this algorithm has signi cant e ects in enhancing the quality of
speech. Thus, this algorithm can be used for speech enhancent. In the RM Database, we

used 1,600 utterances for training and 600 utterances for &ing. We used SphinxTrain 1.0
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for training the acoustic model, and Sphinx 3.8 for decoding For feature extraction, we used
sphinx_fe which is included in sphinxbase 0.4.1. In Fig. 4 (a), we ugkthe test utterances
corrupted by the white noise, and in Fig. 4 (b), we used the tes utterances corrupted by
musical segments of DARPA Hub 4 Broadcast News database. Wergfer to characterize
improvement as the threshold shift provided by the processig. As shown in these gures,
this waveform normalization showed 10 dB threshold shifts ér white noise, and 3.5 dB shifts
for background music noise. Note that obtaining improvemets for background music noise is
not so easy. For white noise, as shown in the gure, Power Equ&ation algorithm showed 10
dB threshold shift. For comparison, we also did experimentausing the state of the art noise
compensation algorithm VTS (Vector Taylor Series) [9]. For PPE, MVN showed slightly
better performance than CMN, but for VTS, we could not obserwe signi cant performance
improvement using MVN, so we compared MVN version of PPE and G/N version of VTS.
If the SNR is equal to or less than 5 dB, PPE algorithm is doing ketter than VTS and the
threshold shift is also larger, but if the SNR is equal to or hgher than 10 dB, then VTS
is doing somewhat better. In the street noise, both of them sbwed similar performances.
Music noise is considered to be more di cult than white or street noise [[18]. For music
noise, PPE algorithm showed around 3.5 dB threshold shift, ad it is showing better per-
formance than the VTS for all SNR ranges. Matlab version of deno package used for this
experiment is available at http://www.cs.cmu.edu/~chanw ook/Algorithms/OnlinePPE/ De-
moPackage.zip. This package is used in obtaining the recog@ion experiments shown in this

section.

6.4 Conclusions

In this chapter, we proposed a new power equalization algatfim based on power function
and the ratio of arithmetic to geometric mean of band-power. The contribution of our work
is as follows. First, we proposed a new algorithm which is vgrsimple and easy to implement
compared to other normalization algorithms. At the same time, This algorithm turned out
to be quite e ective against additive noise and it is showing ®@mparable or somewhat better
performance than current state of art techniques like VTS. $cond, we developed an e cient

algorithm which can re-synthesize enhanced speech. So, iikd compensation algorithm in
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feature domain, this algorithm can be e ectively used for spech enhancement, and it can
also be used as a pre-processing stage with other algorithmgorking in cepstral domain.
Third, this algorithm can be e ectively implemented as an online algorithm without any
lookahead bu er. This characteristic makes this algorithm quite useful for applications like
real-time speech recognition or real-time speech enhancemnt. Besides the above mentioned
things, in our work, we could observe that for normalization, windows longer than those used
in feature are better for normalization purpose, so we used @0 ms window length in this

normalization scheme.
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