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ABSTRACT of various beamforming approaches as a function of the number of

. . . . - microphones in the array.
In this paper, we present algorithms for dealing with variability and - .
. : e : L Robust features can significantly improve the performance of a
mismatch in speech recognition due to environmental conditions and

non-native speaker populations. The probosed alaorithms CoVers{geech recognition system in noisy conditions. In this paper, three
P pop ) prop 9 robust front-end features are proposed and evaluated. The proposed

broad spectrum_ of ideas including robust feature ex_tfactlon, feaT- atures are related to modulations phenomena in speech resonances,
ture compensation and speech enhancement. Specifically .the f eager-Kaiser energy measurements, dynamical systems and frac-
IOW'r.'g {;\Igorlthms are presented.a.md evaluated: bea.mformlng fot[al theory. Some of these features are combined (fused) with tradi-
multi-microphone speech recognition, robust modulation and fracfional mel cepstrum coefficients (MFCC) using a multi-stream hid-
tal features, Teager energy cepstrum coefficients, parametric feature

' ' den Markov model (HMM) framework.

equalization, speech enhancement, and acoustic modeling for non- Th bl f feature fusion in th text of multi-st
native speech recognition. Also the problem of feature fusion an € probiem of Teature fusion in the context of multi-stream
HMMs is an important problem. In the speech recognition literature,

voice activity detection are discussed. Evaluation results on the A - - :
RORA databases under the auspices of the HIWIRE project shoVrpultl-stream recognizers have been used to combine feature streams
different reliability [17] or different information content [5, 21].

that significant gains can be achieved under adverse or mismatch bl f ised st iaht tation i Il stud
conditions using these algorithms. Relative error rate reduction of u ? probiem of supervised stream weight computation 1S well stud-
to 50% was shown for multi-microphone ASR, robust feature com.€d: minimum error (discriminative) training can be used to select

' best combination of stream weights during model training [20].

bination and speech enhancement. 30-40% reduction was shown ) S oo .
ecently there has been interest in investigating unsupervised algo-

rametric f r lization and non-nati ic models. . o . ; " .
parametric feature equalization and non-native acoustic models rithms for estimating stream weights during recognition [26]. In this
paper, we present analytical results [19] for the selection of stream
1. INTRODUCTION weights.

Feature normalization is a promising approach when mismatch

Despite recent progress in the area of automatic speech recognitiglisis petween the conditions under which the acoustic model was
(ASR) performance in adverse conditions is still not satisfactory fok,zined and the conditions in the field. In this paper, an extension
many real-life application. In this paper, we present recent researcly the histogram equalization (HEQ) approach is proposed namely:
achievements in the area of robust ASR dealing especially with adsarametric nonlinear equalization. Parametric equalization improves
verse environments and speaker variability. A variety of algorithmg,, HEQ by imposing constraints on the type of histogram transfor-

for improving _the pgrfprmar!ce of speech re_cognition system _U_nd%ation that can be applied between the testing and the training data.
adverse conditions is investigated, namely: incorporating additional Currently, there are technology barriers inhibiting speech recog-

information into ASR (multi-microphone processing), robust fea.'nition systems that work in extremely noisy conditions from meet-

tur(_a (_axtraction_, speech er_lhancemeljt, feature equ_alizat@on and VO'?ﬁ'g the demands of modern applications. These systems often re-
actl_V|ty_detect|on_. In addltlon_, algorithms for dealing with Sp(':‘akerquire a noise reduction system in combination with a precise voice
varnat_nhty, espe_mally non_-natlve speech are presented. ctivity detector (VAD). In this paper, two novel VAD algorithms
D|§taqt-talk|ng A.SR Is not yet a matur.e. technology as sever re presented one using bispectrum likelihood ratio test and another
complications contribute to lower recognition performance Wherbmploying support vector machines for voice-silence classification.

compared to an equivalent system operating with a close-talk inpu{apy 51gorithms can be combined with speech enhancement algo-
Multi-microphone processing [28] can be used to obtain an enhanc hms to further improve speech recognition accuracy and robust-

version of the desired speech signal, by means of spatial filtering ang,sq 1 noisy conditions. In this paper, soft-decision gain modifi-
selective acquisition of the speaker. In this paper, we present resu Stion for speech enhancement [4] is applied to speech recognition.
This work was funded by the EU-IST HIWIRE project The proposed method builds on the work in [7] and is evaluated on

(http:/Awww.hiwire.org/), the EU-IST MUSCLE project, and the Span- NOISy speech recognition tasks.
ish MEC project TEC2004-03829/FEDER. The drastic drop in performance for automatic speech recogni-




tion (ASR) systems when confronted with non-native speech is a Another important issue regarding environmental acoustics and
well known problem. The main source of variability in non-native multi-microphone processing is the possibility to mimic in realistic
speech is pronunciation variation. Our goal in this paper, is to imway a given environment by means of proper measurements of char-
prove ASR performance by incorporating prior knowledge and makacteristic parameters as impulse responses and background noises
ing the speech recognizer tolerant to pronunciation variants. Varioyd5]. This allows in principle on one hand to predict the recognizer
approaches are used to extract this knowledge and integrate it inlehavior without specific data and on the other hand to reduce the
an existing ASR system [16]. acoustic mismatch by training effective models tailored on the target
The organization of the paper is as follows. In Section 2, al-environment. We adopted this framework to test the sensitivity of
gorithms related to environmental robustness in ASR are presenteSR performance to the environmental variabilities.
Algorithms related to speaker variability and non-native speech are
presented in Section 3. Experimental results for all the proposed aJ-

gorithms are presented in Section 4 and the paper is concluded 2. Robust Features

Section 5. There has been strong experimental and theoretical evidence for
the existence of important nonlinear aerodynamic phenomena in the
2. ROBUSTNESS TO ENVIRONMENTAL CONDITIONS vocal tract during speech production [14]; these indicate the exis-

tence ofmodulationsandturbulencewhich may be generated during

In this section, we present algorithms for ASR that deal with adphonatio_n. However, the .S.tate of the art in acoustic processing for
verse environmental conditions namely: beamforming for multi-2utomatic speech recognition (ASR) systems employs features like

microphone ASR, robust feature extraction, feature fusion, parameEel-frequency cepstral coefficients (MFCC) that are based on the

ric feature equalization, voice activity detection and speech enhanc near source-ﬂ_lter merI. Further, even though_sevc_sral ASR sys-
ment. tems have attained satisfactory performance, their efficacy degrades

significantly when speech is contaminated with noise [12].

2.1. Multi-microphone Beamforming 291 AM-EM Features

A lot of literature has appeared in the last decades about techniques .
aiming at improving the quality of the desired speech and increasinf} SP€€ch resonance can be modeled by an AM-FM signal and the to-
the corresponding signal-to-noise ratio (SNR). The simplest - anéftl SPeech signal as a superposition of a small number of such AM-
effective - method is the “delay-and-sum beamforming”, based off M Signals [5]. Such a model suggests that the formant frequen-
the temporal re-alignment of all the signals in order to compensatEles aré not constant during a single pltch_perlod. These variations
for the inter-channel delays due to the different distances betweef{© Partly captured by tgequency Modulation PercentagésMP)
the desired source and the sensors. The effect is that any interferifigtures defined @ P, = B/ F; for each speech resonanice;
signal is recombined out of phase and therefore attenuated. iS'the mean bandwidth and is the weighted mean frequency value

One critical issue is the “time delay estimation” for the speechof resonance. Anothe_r frequency-related feature Is Fhe short-time
component in all the channels. It is the first step in many IocaI-We'g_ht_ed mean of _the instantaneous frequency (IF) signal (IF-Mean)
ization algorithms and turns out to be very critical for an accuratep_rOVIdIng information abo_ut the speech fo_rman_t fine structure_. The
beamforming. The reference algorithm is based on the techniquféne structure of the amplitude eqvelope signal is measured with the
known as “Cross Power Spectrum Phase analysis” and relies on t ean of thelnstantaneous Amplitud@A) features (IA-Mean), as
detection of a maximum peak in the inverse Fourier transform of &€ Short-time mean of the IA for each speech resonance.
normalized cross-spectrum between microphone pairs.

A method to speed up the delay estimation and to give furthep 2 2. TECC Features
robustness exploits the assumption of fixed source (although in un-
known position). This hypothesis suggests to enhance the estimatidiie short-time average of the signal squared is widely used as an
based on a single-frame basis by averaging the CSP over multipRd-hoc approximation of the energy of the signal’s source. For res-
frames. The idea derives from the observation that the sum of thenance signals, th&ager-Kaiser EnergyTKE) provides a good
DFT obtained from different frames, thanks to the linearity of theestimation of the source energy. Herein, we employ a front-end that
transform, is equivalent to a single DFT of a wrapped versip()  combines an auditory-motivated filter-bank with the TKE estimation
of the input signalz(n) obtained by accumulation of the signal over method; these features are labededitory Teager Energy Cepstrum

the analysis window: Coefficient§ TECCs) [6] and their main differences with the MFCCs
are the auditory filter-bank and the short-time TKE computation. In
K detail, we utilize a Gammatone filter-bank; its filters are smoother
Tw(n) = Z x(n+ kL) 1) and broader than the ones of the MFCC triangular filter-bank, are
k=1 denser in frequency and spaced according to the bark-scale. The log-

wherek is the frame index and is the number of points of the arithm of the short-time average of the TKE operator is computed for
window. A single CSP computation, after having accumulated th&€ach band-passed signal and then the inverse discrete Fourier trans-
two signals, is then sufficient to estimate the required delay. form is applied to obtain the TECCs.

Once obtained a set of mutual delays between the channels, a
beamformed input is derived by the delay-and-sum method. We ay 2 3. Fractal Features
plied this procedure to assess its impact on recognition performance.
A more sophisticated beamforming can produce higher SNR gaiifhe fractal dimension can be interpreted as an approximate quan-
but at the expense of introducing a partial distortion of the desireditative characteristic feature that corresponds to the amount of tur-
speech component. bulence that may reside in a speech waveform. Extending previous



work [14], we present aombinationof dynamical filtering on em-  experiments using supervised discriminative algorithm for estimat-
bedded noisy speech signals followed by correlation dimension meéag stream weights.

surements (Filtered Dynamics — Correlation Dimension, FDCD). In  The theoretical results presented here can be used to obtain esti-
addition we incorporate the multi-scale fractal dimension (MD) [14]mates of single-stream classification error from test data to address
in all experiments. The embedding vector defines a motion in a rethe unsupervised stream weight estimation problem. More work is
constructed multi-dimensional space; if the unfolding is successunderway to help us better understand the applicability of the opti-
ful the resulting system has common invariants with the originaimal stream weight results to multi-stream recognition using HMM
one [18]. In theunfoldedphase-space we measure the correlatiormodels.

dimension (CD) and form a feature vector comprising its statistics.
Prior to the CD measurements we employ a denoising method i
the unfolded phase-space [18] by iteratively decomposing the loc

neighborhoods to a set of eigenvectors and projecting on the sulk new front-end normalization algorithm that uses a parametric non-

4. Parametric Nonlinear Equalization

space spanned by the largest principal components. linear transformation of the voice features has been proposed and
implemented [8]. This method improves the histogram equaliza-
2.3. Feature Fusion tion technique (HEQ) [27], by finding a simple and computation-

. L . . .. ally inexpensive parametric expression of the nonlinear transforma-
A common practice for combining information sources in a statisti+jo gone by HEQ. This new parametric approach relies on a two
cal classification framework is the use of “feature streams”. In thiss 5 ,sgjan model for the probability distribution of the features: a
section, we investigate the problem of unsup(_erwsed stream W.G'gh§aussian model for the speech frames and a Gaussian model for the
computation. Analytical results for the selection of stream weights,on_speech frames. A simple Gaussian classifier is used to label the
as a function of single-stream estimation and misclassification erroriﬁput frames as belonging to one or the other class. For each class

for the two class problem are presented next. Two cases are invesfjie harametric linear transformation is defined to map the clean and

gated (see [19] for details): noisy representation spaces, as described in the equations bellow:
e Equal Bayes classification error We assume that the 1/2
each of the single-stream classifiers have the same Bayes Z = finz + (¥ — fin,y) (;n:) if y is non-speech
classification error but different estimation errors. In this R is . L
case, we make the assumption that in the decision region &= psx+ (Y — psy) (zs:y) Ity is speech
p(z1|wr)=p(x2]w:), provided that the features,, z- fol-
low a similar parametric distribution (e.g., Gaussian) forWherep, ., ¥n z, pis, andXs .. correspond to the Gaussians mod-
the two classesv, w», and are variance-normalized. The eling clean non-speech and speech frames, respectively..apd
weightss; that minimize the estimation error are given by: Xy, s,y and3s,, correspond to the Gaussians modeling noisy
non-speech and speech frames being equalized. With these defini-
1 Zle oly oy tions of the linear transformations, the noisy means, and y .,
5 22_1 o2, = Tgl @ are transformed into the clean means, andus, ., and the noisy
= covariance matrice&,, , andX, , are transformed into the clean
wheres?, ando?, are the single stream estimation variance, covariance matricexl, . and X . (for both, the non-speech and
i.e.,the stream weights are inversely proportional to the vari- SPeech models). The clean Gaussians for speech and non-speech
ance of the PDE estimation error for each strearif the  frames can be estimated from the training database, while the noisy
PDF estimation error variance in the two stream is equal thefaussians should be estimated from the utterance to be equalized.
stream weights are equal, i.e., no stream weights should be The result is a more robust equalization that improves 2 draw-
used. backs of histogram equalization. The first drawback faced, is the fact
that in most cases HEQ is based on estimations that count on a re-

e Equal PDF est|_mat|on error variance: We assume that the duced number of observations belonging to the utterance in process
(stand-alone) single-stream classifiers have the same PDF es;: N : . I
N : . e . _of equalization. Using the parametric models, with little free param-
timation error variance, but different classification errors, i.e.

: 'eters a smoother estimation is achieved. The second drawback faced
os1 = 0s2. Inthis case is the dependence on the amount of non-speech frames of each utter-
px1|wr) ance when estimating the CDF. The variable number of non-speech
<15 (3 frames introduces an unwanted variability in the estimated CDF. The

proposed algorithm creates separate modes for non-speech frames

i.e., in the region of intereshe stream weights should be in- and speech frames eliminating with this the undesired random vari-
versely proportional to the classification error of the single- ation.
stream classifiersNote that for| exp(D)| > 2.72 the esti-
mation error is minimized by setting one of the two stream
weights to zero, i.e., ib(x2|w1) >> p(z1|wi)) thens; =1
andsz = 0. This section summarizes the different methods that are being ana-
From the equations above it is easy to see that stream weights maszed for robust VAD.
reduce estimation error only when either the PDF estimation errors
of the single-stream (stand-alone) classifiers are different,oine,
feature stream is more reliable than the remtd/or the Bayes errors
of the single-stream classifiers are different, iane stream con- One of the most important disadvantages of VAD methods based on
tains more information pertinent to the classification problem thanpower spectrum divergence measures is tha pdori information
the rest These results agree with our intuition and the results fromabout the statistical properties of the signals is used. Higher order

LAY M for 0.5 <
s2 pz1fwr) = p(x2|w)

2.5. Voice Activity Detection

2.5.1. Integrated bispectrum likelihood ratio tests



statistics methods rely on ampriori knowledge of the input pro- Mean Square Error Estimation (MMSE) [7] after amplitude com-
cesses and have been considered for VAD since they can distinguighession. Non-linear evaluations of the noise overestimation fac-
between Gaussian signals (which has a vanishing bispectrum) frotor and spectral floor are used in the same way for the proposed
non-Gaussian signals. However, the main limitations of bispectrumgain modification and for non-linear Spectra Subtraction (NSS) with
based techniques are that they are computationally expensive akdener filter. Consistent and statistically significant ASR improve-
the variance of the bispectrum estimators is much higher than thaments of the proposed approach with respect to NSS are observed
of power spectral estimators for identical data record size. We havier different noise conditions in the Aurora-3 corpus. As the non-
developed different approaches for effective VAD based on conteXinearity affects the two approaches in the same way, the result of
tual likelihood ratio tests defined on the integrated bispectrum of theomparison is particularly interesting.

noisy speech that has reported significant benefits in robust speech Let |Y:(m)|* be thek-th frequency sample of the spectrum en-
recognition applications [11, 22]. It inherits the ability of higher or- ergy of the noisy signal’, computed in then-th time window. Let

der statistics to detect signals in noise with many other additionglX;,(m)|* and| Dy (m)|* be thek-th spectrum energy sample, com-
advantagest) its computation as a cross spectrum leads to signifiputed in them-th time window, of the clean signal and the additive
cant computational savings, aiji the variance of the estimator is noise, respectively.X;,(m)|? can be estimated using a Wiener filter,

of the same order as that of the power spectrum estimator. whose transfer function i§'x(m), to compute:
The problem is then formulated in terms of a classical binary , )
hypothesis testing framework. Given an observation vegtorbe | Xk (m)|” = Gr(m)|Yi.(m)|". (7)

classified, the problem is reduced to selecting the dl&&sor H1) ) . . .
with the largest posterior probabiliti?(H,|y). Thus, a statistical N [25], it has been found that good results are obtained if the fil-
LRT is defined as: ter is used to perform a non-linear spectral subtraction to compute

| X1 (m)|* as follows:

L(y) = B Zo ©
PyiHo (Y Ho [Ye(m)? ~ alm)| D)’ 1y2 2 iy > 3
and the observation vectgris classified as{; if L(y) is greater Vi, (m)|? F F
than P(Ho)/P(H.) otherwise it is classified al,. Assuming the B(m)|Ye(m))? otherwise
integrated bispectrufiS,. (w) : w} as the feature vectgrand to be ®)

independent zero-mean Gaussian variables in presence and abse\w/p%rm(m) is a noise overestimation factor, afim) is a spectral

of speech, the evaluation of the test only requires to estimate the ifryor used to avoid negative spectrum values. These two parame-
tegrated bispectrum of the noisy signal and its variance. A carefylg vary in time as function of the Signal-to-Noise Ratiy R(m)
evaluation of the proposed method [11, 22] shows clear improveComputed as follows:

ments in detection accuracy and speech recognition over standard-
ized VADs and over a representative set of recently published VAD
algorithms. SNR(m) =10 logio

9)

Sk @(m)ﬁ)
S 1Dk (m) 2

2.5.2. Support vector machines where| Dy, (m)|? is an estimation of thé-th noise spectral sample
Since their introduction in the late seventies, support vector madt timem; «(m) and 3(m) are defined as possibility functions of
chines (SVMs) marked the beginning of a new era in the learning N (1) as shown next:

from examples paradigm. Detecting the presence of speech in a, 4 4
noisy signal is a two-class classification problem requiring a rule, Lo
which, based on external observations, assigns an object to one OQ,L)
the classes. A possible formalization of this task is by means of
SVMs that enable building a functiofi : RY — {£1} using - 001 N
training data that isN-dimensional patterns; and class labelg;. - "
SVM enables to redefine the classification problem into some other

potentially much higher dimensional feature space via a nonlineagz;, (m) can also be obtained with an approach proposed in [7]. In

B(m)

10 20 SNR(m) dB 0 15 20 SNR(m) dB

transformationd: P particular Ephraim-Malah MMSE log estimator is a short-time spec-
F(x) = sign{z vi®(X;) - B(X) + b} (6) tral amplitude estimator that minimizes the mean-square error of the
= estimated logarithms of the spectra, and it is well known that a dis-

where the dot product is efficiently computed according to the Mer_tortion measure which operates on these logarithms is more suitable
cer's theorem by means of kernels defined tokbe, y) — ®(x) - for speech processing than measures taken on the power spectra. It

®(y), and the weights; are the solution of a dual optimization prob- Is defined as follows:

lem. Once the SVM model is trained, the speech featx@msist- §x(m) L[> e
ing on a contextual representation of wideband SNRs are classified G = T en(m) eXP{§ / Tdt} (10)
according to the SVM decision function [23]. ’ ok (m)
where:
2.6. Speech Enhancement
o by = OB P
A soft-decision gain modification for speech enhancement (but not k = De(m)2’ Tk = Du(m)2

for speech recognition) has been proposed in [4]. In the proposed
method, a different soft decision gain modification is introduced and (m) is thea priori SNR, andy; (m) is thea posterioriSNR. Also
applied to the Ephraim-Malah gain function based on Maximumug(m) = [{x(m)/(1 + &k(m))] v(k).



The computation of tha priori SNR requires the knowledge of database, we carry out a phonetic alignment using the spoken lan-
the clean speech spectrum, which is not available. An estimation caguage ASR system and a phonetic recognition using the native lan-

be obtained with @ecision-directed approads follows:

: | X(m — D?

&ulm)=n(m) 5 B8+ (1nm) max(0,7 () — 1}

(12)

guage ASR system. These two time-aligned transcriptions are then
compared in order to detect the sequence of native phones that was
recognized for each spoken language phone in the utterance. Given
a spoken language phoigresent in the utterance, the sequence as-
sociated withL is composed of native language phones whose time

In [1], it is shown that it is convenient for speech coding to makeinterval has at least 50% overlapping witfs time interval.

n(m) dependent on the glob&lN R(m) and to assign to it a high

value if SN R(m) is low and a low value i N R(m) is high. This
method proposes to make the estimation of ahgriori and thea
posterioriSNR dependent on the noise overestimation fac{en)
and the spectral flogs(m) as follows:

+(1=n(m))(+'x(m) —1), B(m)}
(13)

Vi (m)|?

Aifl, m 1 14
) De(m) Blm)p+1  (14)

7' (m) = max{

The next step is to extract the confusion rules from the above
phone and phone sequence associations. Having the count of appear-
ance of each association, the maximum likelihood (ML) estimate of
the confusion probability is then computed. Only the confusion rules
that have the highest probability are taken into account.

3.1.2. HMM Integration

In this step, the acoustic models of the phones of the spoken lan-
guage are modified according to the confusion rules extracted from
the previous step. For each phohef the spoken language, a new
state path is added to the HMM model bf These new state paths
correspond to the right-hand side of the rules selected according to

the previous section. Each phone sequence at the right-hand side of
where the noise overestimation factefm) and the spectral floor 3 rule is transformed into a corresponding HMM by concatenating
B(m) varies withS N R(m) as shown above. The adopted approachthe native phone HMMs in the sequence. Multiple confusion rules
modifies the estimates of, and&x while maintaining the global  for the same spoken language phone are combined in parallel HMM
shape of the gain functiof'x (&, £x). The modified gain function  topology.
can be expressed 65 (v, &x) = Gr(v'y, &')) with~',, &', com-
puted according to (13), (14). Noise estimation that appears in the ) ) )
computation of (13), (14) is obtained by a first-order recursion in3-2- Adding Graphemic Constraints

conjunction with an energy based Voice Activity Detector (VAD) e claim that the pronunciation errors (or variants) a non-native

(10]. speaker produces depend on graphemes (or the writing of words).
The same phone (spoken language) may be mis-pronounced in a dif-
ferent manner depending on the graphemes corresponding to that
phone. Thus, the phonetic confusion would be more accurate if
In this section, various algorithms for dealing with pronunciationgraphemic constraints were taken into account. The aim is to auto-
variation in non-native speech are presented. The basic assumptioratically extract the graphemes linked to the phones for each word
in this work is that non-native speakers tend to confuse phones im the dictionary. In [24], graphemic constraints and contexts are
the spoken language with phones in their native language. We alsssed; however, this phone-grapheme alignment is done manually.
assume that information about the phonemic space in the native lan-

guage exists, e.g., native speech recognition models.

3. ROBUSTNESS TO SPEAKER VARIATION

3.2.1. Automatic phone-grapheme alignment

Given the writing of a word and its pronunciation, the task here is

. . to find to which graphemes (characters) each phone corresponds.
Non-native speakers often produce phones in the spoken languaggen, though it seems similar, this task is different from building a

as they would do with similar phones in their nafive language. By:grapheme to phone” transducer. In our approach, we use a discrete
taking into account the acoustic models of the native language, ASEj\v system to perform this alignment. The CMU dictionary was
performance can be improved. used to train the HMM system. In this discrete HMM system, the

. Some phones of Fhe spoken Iangugge may not have correspongiaracters (graphemes) are the discrete observations and the phones
ing phones in the native language. For instance, the consonant ‘[D}e the HMMs. The HMMs are single-state discrete HMMs. The

does not exist in French. Furthermore, diphthongs like ‘[tS]' do notyaineqd discrete HMM system can be used to align the graphemes
existin French. The latter may however be uttered as the two Frencllq phones of a word using the Baum-Welch algorithm.

phones ‘[t] [Z] or ‘[t] [S], as stated by phonetician experts. Thus, in

our new approach, the confusion matrix involves a phone of the spo-
ken language and one or more phones of the native language. The
confusion matrix between spoken language phones and sequences
of native phones is automatically extracted using the speech recofp this section, we present experimental results for the algorithms
nition systems available for both the spoken and native language. presented above. The Aurora 2, 3 and/or 4 databases were used for
the evaluation; special databases were used for multi-microphone
ASR and non-native ASR. In all experiments, hidden Markov mod-
els and the HTK toolkit were used for acoustic modeling (with the
Both spoken language and native language ASR systems are used éxception of the speech enhancement experiments where a neural
confusion extraction. For each utterance of the non-native speectetwork based recognizer was used).

3.1. Confusion Based Acoustic Model Modification

4. EXPERIMENTAL RESULTS

3.1.1. Confusion extraction



Scenario| WM| MM| HM| Avg.| Av. Rel.

100 ' ; ' Features Improv.
- Aurora Front-end (WI007) 92.9 80.3 51.6 74.9 -
ol « ——— | MFCC+CMS (Baseline) | 93.7] 92.7 65.2 83.9 36
MFCC+CMS+IA-Mean 93.21 91.4 71.4 85.3 41
MFCC+CMS+IF-Mean 90.7| 89.5 72.4 84.2 37
sof § MFCC+CMS+FMP 94.4 92.5 72.8 86.5 46
g TECC 93.9 91.8 86.9 90.8 64
:
el a 1 Table 1. WACC(%) for Modulation and TECC Features on the Au-
. - rora 3 (Spanish Task) Database.
60| N - 1 SNR| clean| 20 dB| 15dB| 10dB| 5dB| 0dB
X ) contaminated mode\sc(‘seaa:emrzsgs) " Feature
o ‘ ‘ ) contaminated models (other room) 4 MFCC | 98.7| 95.7| 89.0| 71.4| 43.5] 16.7
L 4 8 18 2 64 +MFD | 98.7| 96.4| 91.6| 79.1| 52.8| 21.7
Number of microphones |mprOV O 1 3 11 22 14
+FDCD| 98.58 96.3| 92.7| 82.9| 59.0| 22.3
Fig. 1. WACC (%) as a function of array microphones’ number. Improv.] O 1 4 16 37| 18

Table 2. WACC (%) and Relative Improvement (%) (Improv.) in all
4.1. Multi-microphone Evaluation tests of the MFCC and the augmented Fractal Features on Aurora 2

(clean training).
The experimental setup consists of a recognition task of 1001 con-

nected English digits sentences: the original TIDIGITS signals have

been reproduced by a loudspeaker in an acoustically treated rooseenario on the Aurora 3 task; relative error reduction rate extends

(Tso is approximately 0.15 s) and acquired by means of a linear arp to 73%. The FDCD and MFD methods (Table 2) are evaluated on

ray of 64 microphones (Mark Ill board), located at 1.3m from theAurora 2 showing average relative improvements of 10%, and 15%

simulated speaker. During recordings, in this room, 12 loudspeakespectively (improvement at 5 dB SNR MFD: 22%, FDCD: 37%).

ers, randomly distributed, were diffusing typical (stationary) cockpitCompared to the fractal evaluation results, the average performance

noise. As a result the SNR evaluated at sensors level is about 20dBf the modulation features [5] is similar or slightly better on aver-
Fig. 4.1 shows the word accuracy (WACC) of multi-microphone age on Aurora 2 (average improvement: overall 21%, at 5 dB SNR:

processing as a function of the number of sensor employed in th@3%). However the modulation features extract different types of

beamforming using a standard front-end (12 MFCC plus first andonlinear information than the fractal features.

second order derivatives) and HMM models trained on clean signals

(the original TIDIGITS). Two other sets of HMM models have been4.3. Parametric Equalization Evaluation

derived by contamination of the clean training corpus with impulse

responses measured in the same room and in another more reverpEible 3 shows the average word error rate (WERR) of the 14 tests

ant room {50 = 0.7s), that indeed amplifies the acoustic mismatch. for Aurora 4 clean training experiment. Results are deployed_ for_ the

Note that no information regarding the background noise is exploiteASELINE front end (BASE), for the histogram based equalization

in this training phase. Overall, up to 50% relative error rate reductio§1EQ) , for the proposed parametric equalization (PEQ) and for the

can be achieved by beamforming. ETSI advanced front-end (AFE).
Algorithm BASE | HEQ | PEQ | AFE
4.2. Robust Features Evaluation Avg. WERR | 456 | 375 | 31.5| 31.3

The evaluation experiments are realized by use of the HTK systeMple 3. WERR (%) for the 14 test Aurora 4 clean training experi-
on Aurora 2 [12] and Aurora 3 (Spanish) databases; (connected-digit o ¢

recognition, left-right word HMM; Aurora 2: 18-state 3 Gaussian
mixtures; Aurora 3: 14-state 16 Gaussian mixtures). The Aurora 2
database contains additi\_/e noise il’_] various con_ditions an_d SNR. TUFT4. Speech Enhancement Evaluation
Aurora 3 database contains recordings from 2 different microphones,
at 3 noise conditions that are mixed to create different recognitiofExperiments were conducted with a hybrid HMM-NN ASR [9]. The
scenarios - Well-Matched (WM), Medium-Mismatch (MM), High- testing conditions used are the following:
Mismatch (HM). Apart from the TECCs, the other features are not o Ng Denoising (ND): basic Rasta PLP features (RPLP).
self-standing, but contribute as 2nd order information to the 1st order Wi baseline (WB): RPLP with noi duction based
speech structure. The input vectors are split in 2 data streams that ¢ Yviener baseline (. ) with noise reduction based on
are assumed independent with stream weights optimized on held- standard Wiener filtering.
out data. All feature vectors are extended by their time derivatives. ® Wiener modified (WM): RPLP with Wiener filtering depen-
The frame length is set equal to 30 ms, with 10ms period update. dent on global SNR [eq. (8)].

As shown in Table 1 by combining MFCCs with AM-FM fea- e Ephraim-Malah baseline (EMB): RPLP with noise reduction
tures we achieve error reduction up to 46% on average on Aurora 3 based on the standard Ephraim-Malah spectral attenuation
database. The TECCs outperform the MFCCs especially on the HM rule [Egs. (10) (11) (12)].



e Ephraim-Malah modified (EMM): RPLP with noise reduc-
tion based on the modified Ephraim-Malah spectral attenua-
tion rule [Egs. (10) (13) (14)]. A variety of algorithms for improving speech recognition perfor-

mance in adverse environments and for non-native speakers have
The experiment was performed on the Aurora-3 corpus in Italianbeen investigated. The experimental results show relative ASR error
Spanish and German, on the High Mismatch test set. The modefate reduction of up to 50% when using beamforming on the signals
have been trained with large, domain independent, telephone co®f multiple microphones. Robust feature extraction methods based
pora; the Aurora-3 database was used only for testing. Relevance ofi modulation and fractal features improve the recognition accuracy
results are shown for each test set in parenthesis. Experimental ri@r noisy databases. By combining MFCCs with modulation and
sults show that: (i) Ephraim-Malah gain outperforms Wiener gain infractal features an average error rate reduction of 45% was achieved.
its baseline version; this tendency is confirmed when using the modt was also shown that the TECC features outperform the MFCCs
ified version of the rules for Wiener gain for Ephraim-Malah gain, especially in the presence of additive noise. The proposed paramet-
and (ii) The modification introduced in the Ephraim-Malah gain pro-ric feature equalization algorithm is shown to outperform traditional
duces an average error reduction of 22.9% with respect to the baskistogram equalization and to reduce error rate by approx. 30%.

5. CONCLUSIONS

line version. Speech enchancement is also shown to achieve up to 50% relative
error rate reduction and to improve on state-of-the-art speech en-
Method | Tta (1.4) | Spa (1.9)] Ger (1.7)] Average hgncement glgorithms. Finally, thg proposed algqrithms for dealing
ND 433 30.1 175 303 with non-native sp_eech show relgtlve error reduction of 30-40%.
WB 31.9 18.7 12.2 20.9 Overall, good improvements in ASR p.erformance were achleved
WM 25.1 13.8 10.8 16.6 under adverse conditions. Future work includes the integration of
EMB 303 18.7 10.3 19.8 b_eamforming and other denoising techniques, ada_ptive fusion of the
EMM 24.4 12.3 9.5 15.4 different feature streams, extension of the non-native speech models

to multiple languages, and evaluation of combinations of the pro-
posed algorithms.

Table 4. WERR (%) for various speech enhancement algorithms
6. REFERENCES

[1] C. Beaugeant, and P. Scalart, “Noise Reduction using Percep-

) ) tual Spectral Change,” iRroc. Eurospeechl999.
4.5. Non-Native Speech Evaluation

(2]
The non-native database, recorded in the framework of European
project HIWIRE, contains 21 French speakers with 100 utterances
for each, recorded at a sampling rate of 16 kHz at 16 bits per sample.
Each speaker speaks in English. Half of this database was used fog)
development, the other half for testing. The vocabulary is composed
of 134 words, and the grammar is a command language. We also
used a “word-loop grammar”.

(4]

[ system type | WACC | SACC ]
- baseline system 93.5 87.2
- fully automated “confusion” 96.1 91.1 [5]
_fully automated “confusion” + 95.9 90.8
graphemic confusion ) )
[ word-loop grammar [ [ |
- baseline system 71.1 61.1 [6]
- fully automated “confusion” 80.2 66.0
fully automated “confusion” + [7]
" graphemic confusion 816 | 67.16

Table 5. Results for non-native speech (WACC,SACC in %).

8

Table 5 shows the results of these tests, where “SACC” stands[ ]
for “sentence accuracy”. The “fully automated confusion” (FAC)
system achieves a word accuracy of 96.1%, which represents an al 9
solute improvement of 2.6% compared to the “baseline system”. The ]
FAC system reduced the WERR by 40% relative. No significant im-
proments were obtained by introducing the graphemic constraints
along with the phonetic confusion with constrained grammar. Nev{10]
ertheless, graphemic constraints allowed further significant improve-
ments when using a word-loop grammar.

G. Bouselmi, D. Fohr, I. lllina, and J.P. Haton, “Fully
Automated Non-Native Speech Recognition Using
Confusion-Based Acoustic Model Integration,” iRroc.

Eurospeech/Interspeech005.

G. Bouselmi, D. Fohr, I. lllina, and J.P. Haton, “Fully Au-
tomated Non-Native Speech Recognition Using Confusion-
Based Acoustic Model Integration and Graphemic Con-
straints,” inProc. ICASSP2006.

I. Cohen, “ Optimal speech enhancement under signal presence
uncertainty using log-spectral amplitude estimatiifEE Sig-
nal Processing Letter®,(4):11-117, 2002

D. Dimitriadis, P. Maragos, and A. Potamianos, “Robust AM-
FM features for speech recognitionEEE Signal Processing
Letters vol. 12, pp. 621-624, 2005.

——, “Auditory Teager energy cepstrum coefficients for robust
speech recognition,” iRroc. Eurospeech2005.

Y. Ephraim, and D. Malah, “Speech enhancement using a mini-
mum min-square error log-spectral amplitude estimatBEE
Trans. Acoust. Speech Signal Processiumg. ASSP-33, no. 2,
pp. 443-445, 1985

L. Garda, J. C. Segura, J. Raraz C. Beifitez, and A. de la
Torre, “Parametric nonlinear feature equalization for robust
speech recognition,” iRroc. ICASSP2006.

R. Gemello, D. Albesano, and F. Mana, “Multi-source neu-
ral networks for speech recognition,” Rroc. of International
Joint Conference on Neural Network&ashington, July 1999.

R. Gemello, F. Mana and R. De Mori, “Automatic Speech
Recognition with a Modified Ephraim-Malah RulEEE Sig-
nal Proc. Lettersvol. 13, no. 1, 2006.



[11] J. M. Gorriz, J. Ranirez, J. C. Segura, C. G. Puntonet, and[28] D. Ward and M. Brandstein eds\licrophone Arrays: Tech-

L. Garda, “Effective speech/pause discrimination using an in- nigues and Application$Springer, Berlin, 2001.
tegrated bispectrum likelihood ratio test,” Rroc. ICASSP
2006.

[12] H. G. Hirsch and D. Pearce, “The aurora experimental frame-
work for the performance evaluations of speech recognition
systems under noisy conditions,” I8CA ITRW ASR2000
2000.

[13] P. Loockwood, and J. Boundy, “Experiments with non-linear
Spectral Subtractor (NSS), Hidden Markov Models, and the
projection for robust speech recognition in ca&jeech Com-
munication 11, 215-228, 1992.

[14] P. Maragos and A. Potamianos, “Fractal dimensions of speech
sounds: Computation and application to automatic speech
recognition,”J. Acoust. Soc. Amvol. 105, no. 3, pp. 1925—
1932, 1999.

[15] M. Matassoni, M. Omologo, D. Giuliani,P. Svaizer, “HMM
Training with Contaminated Speech Material for Distant-
Talking Speech Recognition,Computer Speech and Lan-
guage 16(2): pp. 205-223. 2002.

[16] J. Morgan, “Making a speech recognizer tolerate non-native
speech through Gaussian mixture merging,” RPmoc. In-
STIL/ICALL, 2004.

[17] S. Okawa, E. Brocchieri, and A. Potamianos, “Multi-band
speech recognition in noisy environments,”"Hroc. ICASSP
1998.

[18] V. Pitsikalis and P. Maragos, “Filtered dynamics and fractal di-
mension for noisy speech recognitiof?EE Signal Process-
ing Letters submitted 2005.

[19] A. Potamianos, E. Sanchez-Soto, and K. Daoudi, “Stream
Weight Computation for Multi-Stream Classifiers,” Proc.
ICASSP 2006.

[20] G. Potamianos and H. P. Graf, “Discriminative training of
HMM stream exponents for audio-visual speech recognition,”
in Proc. ICASSP1998.

[21] G. Potamianos, C. Neti, G. Gravier, A. Garg, and A.W. Senior,
“Recent advances in the automatic recognition of audio-visual
speech,Proc. IEEE vol. 91, no. 9, pp. 1306-1326, 2003.

[22] J. Ranirez, J. M. @Grriz, J. C. Segura, C. G. Puntonet, and
A. Rubio, “Speech/non-speech discrimination based on con-
textual information integrated bispectrum LRTEEE Signal
Processing Letter2006.

[23] J. Ranirez, P. Yelamos, J. M. @rriz, and J.C. Segura, “Svm-
based speech endpoint detection using contextual speech fea-
tures,” IEE Electronics Letters2006.

[24] S. Schaden, “Generating non-Native pronunciation lexicons by
phonological rule,” inProc. ICSLR 2004.

[25] V. Schless, and F. Class, “SNR-Dependent flooring and noise
overestimation for joint application of spectral subtraction and
model combination,” ifProc. ICSLP 1998.

[26] S. Tamura, K. lwano, and S. Furui, “A Stream-Weight Opti-
mization Method for Multi-Stream HMMs Based on Likeli-
hood Value Normalization,” ifProc. ICASSP2005.

[27] A. de la Torre, A. M. Peinado, J. C. Segura, J. L. Perez, M. C.
Beritez, and A. Rubio, “Histogram equalization of the speech
representation for robust speech recognitid&EEE Trans. on
Speech and Audio Processjngpl. 13, no. 3, pp. 355-366,
2005.



