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Abstract—This work is concerned with improving the robustness of
phoneme classification to additive noise with hybrid featues using
support vector machines (SVMs). In particular, the cepstra features are
combined with local energy features of acoustic waveform ggnents to
form a hybrid representation. The local energy features aretaken into
account separately in the SVM kernel, and a simple subtractn method
allows them to be adapted effectively in noise. This hybrid epresentation
with mean and variance normalization of the cepstral featues contributes
significantly to the robustness of phoneme classification @hnarrows the
performance gap to the ideal baseline of classifiers trainednder matched
noise conditions. Further improvements are obtained by exnding the
multiclass prediction method from standard discrete errorcorrecting
codes to adaptive continuous codes.

Index Terms—Hybrid features, Phoneme classification, Robustness,
Support vector machines, Continuous codes

. INTRODUCTION

Accuracy of automatic speech recognition (ASR) systemgliyap
degrades when operated in adverse acoustical environm#affise
language and context modelling are essential for reducingyrarrors
in speech recognition, accurate recognition of phonemes tha
related problem of classification of isolated phonetic sifsta major
step towards achieving robust recognition of continuoessp [1, 2].
Indeed, phoneme classification has been the subject ofaeeeent
studies [3-6].

State-of-the-art ASR systems use cepstral features, tigretame
variant of Mel-frequency cepstral coefficients (MFCC) ordeptual
Linear Prediction (PLP) [7], as their front-end for prodagsof
speech signals. These representations are derived fronshiwt
term magnitude spectra followed by non-linear transforomat to

relaxation of output codes further improves the classificaper-

formance and narrows the performance gap to the ideal fitassi
trained under matched noise conditions €. the hybrid features
with continuous codes achieve an average improvement aemdro

8% over the PLP features with discrete ECOC in the presence of

additive white Gaussian noise.

The SVM approach to classification of phonemes using error-
correcting output codes (ECOC) [10] and continuous codese-s
viewed briefly in Section Il. Section Il presents the propaddybrid
features and their adaptation in the presence of noise.ribxpetal
setup is discussed in Section IV. The classification resultthe
presence of noise are reported in Section V. Finally, Sedficdraws
some conclusions.

Il. CLASSIFICATION METHOD

An SVM [11] binary classifier estimates decision surfaceg- se
arating two classes of data. In the simplest case these rezarli
but for most pattern recognition problems one requires ineat
decision boundaries. These are constructed using kenmgtisad of
dot products, implicitly mapping data points to high-diraemal
feature vectors. A kernel-based decision function whietssifies an
input vectorx is expressed as

hx) =) aiysK (x,%:) + b, D)
where K is a kernel functionx;, y; = £1 and «;, respectively, are
the i-th training sample, its class label and its Lagrange miigtip
andb is the classifier bias determined by the training algoritfimo

model the processing of the human auditory system. This wserk commonly used kernels are the polynomial and radial basistiton

focused on the task of phoneme classification using theserésa

in the presence of additive noise although we believe thaltges

also have implications for the construction of continuopgexh

recognition systems. We propose that a set of hybrid festure

formed by combining the standard cepstral features withldical
energy features of acoustic waveform segments, can caterito
the robustness of phoneme classification in noise. The lenatgy

features can then be adapted effectively in noise by takirg i

account the approximate orthogonality of clean speech amisen
A two-stage learning framework is used for classificatiom.the

(RBF) kernels given by

Kp(x,x:) = (14 (x,x:))7 . @)

®)

Comparable performance is achieved with both kernels;lteesue
reported for the polynomial kernel throughout this study.

SVMs are binary classifiers trained to distinguish betweso t
groups of classes. For multiclass classification, they eaodmbined
via predefinedliscrete error-correcting output codes (ECOC) [10]. To

K, (x,%) = P

first stage, support vector machines (SVMs) are used asif@sesummarize the procedure brieflyy binary classifiers are trained to

binary classifiers. Error-correcting output code (ECOC}huds are
then used to form a multiclass classifier. Since ECOC metlusds
predefined discrete codes which assign same weights to dheels
binary SVM classifiers regardless of the underlying trajniata and
classification performance, we use the outputs (scored)eobinary
SVMs to learn adaptive continuous codes [8] in the secongesta
improve the classification performance. Our experimentsatestrate
the effectiveness of the hybrid features in improving thleusiness
of classification in noise. Moreover, it is shown that the toarous

distinguish betwee/ classes using the coding matkia, x n7, with
elementsv,., € {0,1, —1}. Classifiern is trained on data of classes
m for which w,,, # 0 with sgn(wmn) as the class label; it has
no knowledge about classes = 1,..., M for which wy,, = 0.
The classm that one predicts for test input is then the one
that maximizes the confidence,,(x) = — 22;1 X (Wmnhn(X)).
Here x is some loss function and,, (x) is the output of then™
classifier. The error-correcting capability of a code is omnsurate

to the minimum Hamming distance between pairs of code words



2
loglix,l

0 fox7 Isilf

5 6 7
t

X In/

3

O /laa/
1 2

4

using cepstral features is cepstral mean-and-varianceatization
(CMVN) [14]. The algorithm computes the mean and variancthef
feature vectors of a sentence and standardizes the cepesttats of
that sentence so that each feature has zero mean and a fila@ttear
We use a standardization that sets the variance of eachrdeatie
equal to the inverse of the dimension of the cepstral featector
so that, on average, the cepstral feature vectors have squafed)
norm. CMVN contributes significantly to robustness by dkéng
the effects of distortions caused by additive noise andhliffiétering
and limiting the range of deviation in the cepstral featutéswever,
due to the non-linear transformations in the feature etitm@rocess,
the distortion in the cepstral features caused by additbisenis not
merely an additive bias that can be fully characterized dglyoise.
Instead, this bias is jointly determined by speech, noige tgnd
noise level in a complicated fashion, with the different poments
difficult to separate as detailed in [14].
In this paper, we propose that phoneme classification can be

improved, in the presence of noise, by combining cepstraiufes

Fig. 1. Time profile (meanrt: standard deviation) of the local energy feature@vith local energy features of acoustic waveform segmenfsro a

T (with 7" = 10 segments) of phoneme classes /aa/, /n/, /fl and /sill. T

difference in the profiles indicates a correlation of thessres with phoneme
identity, which suggests that they should be useful forrdisoating among
phoneme classes.

[10]. Therefore, classification performance benefits fraimgl error-
correcting codes with larger Hamming distances between iibws.

rheybrid representation. To this end, tete R” be aD-samples long
acoustic waveform representation of a phoneme,cael the cepstral
representation of the same phoneme. For speech recogtesés,
a zero-th order cepstral coefficient, for each frame of speech is
included in the cepstral representatiendue to its strong correlation
to the energy level of that frame [14, 15]. Given that the etioh of
energy in a phoneme is closely associated with phonemeitiglerst

However one must also take into account the choice of a@uraffustrated in Figure 1¢o is a useful cue for phoneme classification.

binary classifiers and the computational costs associaibdswch a
code. In our previous work [12] on phoneme classification soteset

However, in the presence of noise, the adaptedepstral feature
that is obtained by applying CMVN to the distorted feature

of the TIMIT database, a code formed by the combination of thgill still exhibit a significant level of contamination. Tovercome
one-vs-one (pairwise) ancbne-vs-all codes was used as this achieveghis issue, we propose to embed the exact information abwit t

better classification performance than either of the coddisidually.
A similar technique that implicitly combined the two diféat coding

local energies of the acoustic waveform segments. A stifaigtard
adaptation of these energy features can then be performeaking

schemes to form aall-and-one coding strategy also improved clas-into account the approximate orthogonality of clean speachnoise.

sification performance in another study [13]. Since the tooton
of one-vs-all binary classifiers for a problem with large adats is
not computationally feasible, only one-vs-on¥ & M (M — 1)/2)

classifiers are used in the present study. A number of losgiturs
were compared; the hinge logg(z) = (1 — z)+ = max(1 — z,0)]

performed best and is used throughout this paper. It sharildobed
that ECOC is a general method for solving multiclass proksldmy
combining multiple binary classifiers, independently oé tpecific
application and the learning algorithm used to construet dlassi-
fiers. Furthermore, the decoding scheme with discrete casigigns
the same weight to each learned binary classifier regardie#s

performance.

This adaptation results in the distributions of the locargy features
of noisy speech to be close to those of the clean speech. &nobt
these features, the fixed length acoustic waveformof a phoneme is
divided intoT” non-overlapping segments; € R?/% t=1,...,T

as illustrated in Figure 2. Let = [ri,...,7r| denote the local
energy features of these segments suchthat log,, ||x¢|*>. Then,
the cepstral feature vectar (including ¢o) is augmented with the
local energy feature vector for the evaluation of a hybrid kernel
given by

In [8], Crammer & Singer proposed an approach developed frov%ere

the theory of SVMs to address multiclass classification byisg
a single optimization problem. Rather that using predefidiedrete

T

Kn(c,&,7,7) = Kp(c,&) > Ke(mi,71), 4)
t=1

Ke(ri, 71) = e (0%/2% (5)

codes, this method improves the performance of the outpdéso anda is a parameter that is tuned experimentally. Note thak(in
by relaxing them tocontinuous codes. This relaxation procedure iswe sum the exponential terms ovBrsegments rather than using the

cast as a constrained optimization problem. In this workuae this
procedure as a second stage of learning in the binary Seftive
space to obtain a continuous code. Again, a polynomial keme
used to learn continuous codes for the results presentéisipaper.

Il1. HYBRID FEATURES

standard RBF kernel from (3). This is done in order to to avbil
local energy features of certain segments dominating thkiation of
the kernel. Alternatively, the local energy features casthaedardized
in @ manner similar to the cepstral features and then ewaluaging
an RBF/polynomial kernel. In this paper, we report resutisg the
former method as it avoids the additional step of featuredsted-

One of the reasons for which speech recognition in the cejzation however similar classification performance is oi#d using

stral domain is very sensitive to additive noise is the abersible
distortion of decision boundaries caused by the noise. Adstal
noise adaptation technique for most large vocabulary AS&Resys

both strategies. Furthermore, non-overlapping segmédsise@ch are
used to extract the local energy features of phonemes im tv@eoid
the smoothing of the time-profiles of these features and teenttzeir
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Fig. 2. Extraction of segments and frames from a waveforma@ustic waveformx € R, is divided intoT non-overlapping segments, each containing
D/T samples. In addition overlapping frames, each contaifihgamples, are extracted to obtain the cepstral featuregith an overlap ofR — D/T
samples between two consecutive frames so that the frameegaials the segment rate.

evolution more evident. It should also be noted that reptatiie local sentence is normalized to unit energy per sample and therisa no
energy feature vector; in (5) with a vector containing, features sequence with variance (per sample) is added to the entire
of frames of a phoneme would lead to poor performance dueeto thentence. It should be noted that SNR at the sentence lefigbds
significant contamination of the cepstral features. but SNR at the level of individual phonemes will vary widely.

In this work, we focus on classification of speech degradeddsy  Two separate forms of the cepstral representatiensare con-
ditive noise. For that purpose we will use classifiers thatterined in  sidered. First, a sequence of frames with frame duratio5ofis
quiet conditions, with cepstral feature vectors of the tieéa adapted and a frame rate of00 frames/sec is derived from each sentence.
to noise using CMVN [14] and local energy featuresadapted as Then, 9 frames1(05ms) closest to the center of a particular phoneme
described next. Lek = s +n, x € R” be a noise corrupted are concatenated to give a representatioii' where each frame
waveform, where andn represent the clean speech and the Gaussianrepresented by3 cepstral coefficients (includingo), their time
noise vector, respectively. The energy of the clean speeanhtleen derivatives and second order derivatives. Second, all gsamithin
be approximated agjs|® ~ |x|*> — |n||* ~ |x||* — Do®. The a variable length phoneme segment and its transition regie
first approximation involved here is that, because speechnaise included in the representation as proposed by Clarkgoa. [17]
are uncorrelated, the vectossandn are typically orthogonal. More to give a representation iR'°®. The latter achieves slightly better
precisely,(s, n) is of orderD~'/?||s|||n|| which can be neglected for classification performance in both quiet and noise conutitidue to
large enoughD. The second approximation then replaces the noisie additional knowledge encoded in the representationeder the
energy by its average value which is setdsy; the noise variance per former representation may be more suitable for use with HMdds
sample. We work here and throughout with a default normédimeof  continuous speech recognition. Cepstral representatsoies as PLP,
waveforms to unit energy per sample, so that” is the SNR. Since MFCC and RASTA are known to achieve comparable recognition
o2 can be estimated during pause intervals (non-speech tgktiviaccuracy [18]. For classification with SVMs, PLP achievedhgly
between speech signals, we assume that its value is knowrlyiAp  better classification performance and therefore it is useti@default
these general arguments to the local energy features, Wit Husse cepstral representation for all experiments reported is fhper
in the presence of noise by subtracting the estimated neisance  For cepstral features two train-test scenarios are comsidéi)
of a segment,Do?/T from the energies of the noisy segmentsiraining SVM classifiers using clean data and then perfogr@iMVN
i.e 7 = log||x||* — Da?/T|. This will provide an estimate of of test data to adapt to noise, aifti) training and testing under
the local energies of the segments of clean speech. Foliowie jdentical noise conditions. The latter scenario is an ircfical target
reasoning above, using local energy features of shortemest$ \which could in be achieved in practice only if one had access t
of acoustic waveform (loweD/T) would make fluctuations away 3 |arge set of classifiers trained for different noise types kevels.
from the orthogonality of speech and noise more likely, ¢f@e Nevertheless, we present the classification results inhredttraining
K. should be evaluated on the energies of long enough segmesg testing conditions as a reference, since this setumiidered to
of speech. It should be noted that the adaptation discusselif give the optimal achievable performance with cepstraluiesst [9].

performed only on the test features because training iOpBEd | order to obtain the local energy features from the acousti
in gglet condlltlons; adaptation of. the local energy featuof the waveforms, phoneme segments are extracted from the phalhgti
training data is therefore not required. hand labelled TIMIT sentences by applying a 100 ms rectamgul

window at the center of each phoneme waveform (of varialbigtte,

which at 16 kHz sampling frequency gives fixed length vectors
Experiments are performed on the 'si’ and 'sx’ sentences of R Each of these vectors is broken inf6 = 10 non-

TIMIT. The training set consists of 3696 sentences from lif@reént overlapping segments of equal length resultinglinlocal energy

speakers. The core test set is used for testing which cersist92 features per phoneme. As mentioned previously, the locatggn

sentences from 24 different speakers not included in thiainga features are extracted from non-overlapping segments eécpin

set. We remove the glottal stops /g/ from the labels and feltain order to capture the precise evolution of energy in time anavbid

allophones into their corresponding phonemes using tinelatd Kai- smoothing of these features which can be caused by usintappérg

Fu Lee clustering [16], resulting in a total of 48 classes.ohgthese segments. The hyperparameter Igt in (5) is set toa = 0.5. It

classes, there are 7 groups for which the contribution diimigroup should be noted that the noise adaptation in the kernel nesjan

confusions towards multiclass error is not counted [16]. estimate ofr? but assumes no knowledge about the noise type or the
In this study, we focus on investigating robustness in thesgnce shape of the noise spectrum.

of additive white Gaussian noise and pink noise from NOISEX- Regarding the binary SVM classifiers, results are reposeddth

92 database. To test the classification performance in neseh kernels, K, and K, for comparison. Fixed hyperparameter values

IV. EXPERIMENTAL SETUP



are used throughout for training binary SVMs: the degre& pis set (a)

to © = 6 and the penalty parametét = 1. To learn the continuous 100 White Gaussian Noise
code, the development set of TIMIT is used for training. Therss %~ K, Quiet (ECOC)
of N = 1128 one-vs-one binary SVM classifiers are concatenatec 90 —s— K Quiet (CC) §

x Kp: Matched (ECOC)
- - - K Quiet (ECOC)
K Quiet (CC)
. Kn: Matched (ECOC)

and normalized to give a representatioriRilt?®. The regularization

parameter and the degree of the kernel are sgt+t0100 and®© = 6. 801

V. RESULTS

Classification results using SVMs for the 9-frame PLP regmes 60y

tation (in R***) and its hybrid representation in the presence of
additive white Gaussian noise are shown in Figd(ie). For the PLP
representation, classification results with kern&ls are presented 401
whereaskK), is used for classification with the hybrid features. First,
the use of continuous codes with kern&l, slightly improves the >
performance over the standard ECOCs. We also observe that tt 20, ‘ ‘ ‘ ‘ ‘ L X
hybrid features perform better throughout all noise coodg. For SNR [dB]
instance, at6dB SNR, using the hybrid features with continuous
codes reduces the error by2% compared to the standard PLP (b)
features with discrete ECOCs; most of this reduction inreamund Pink Noise
. . . 100 — T T T T T T T

9%, can be attributed to using the proposed hybrid features. - x - K, Quiet (ECOC)

The hybrid features (with kerndk’,,) used with continuous codes 90F X _ —— K Quiet (CC) 8
perform better than any other classifier trained in quietd@nse.g. R .. K, Matched (ECOC)
the performance compared to that achieved using the PLRBrésat - - - K7 Quiet (ECOC)
with discrete ECOCs is improved fromil.4% to 20.1% in quiet 70t — K;: Quiet (CC)

ERROR [%]

50

30

conditions and on average by aroufth across all SNRs tested. % .. K Matched (ECOC)
Furthermore, classification with the hybrid features udegel K, o °9f ]
performs better than the standard PLP features with keffelin F 5ol i

matched condition. Even though the improvement achieved<hy
in low noise conditions (SNR> 6dB) is not more tharl — 2%, we 40
achieve a significant gain in high noissy. a 6% performance gain

30 B
at —6dB SNR. Similar results are obtained for classification ia th
presence of pink noise as shown in Figg(®). Our setup was also 20t ‘ ‘ ‘ ‘ ‘ ‘ Mk
tested with other noise typesg. speech-weighted noise [19] (results -8 12 -6 SNR [dB] 21’ Q

not shown here) and similar conclusions apply. Even thohghwo-

stage learning framework using hybrid features and coatisicodes Fig. 3. SVM classification in the presence (@f) white Gaussian noiséb)
does not achieve the impractical target of the classifindtionatched pink noise from NOISEX-92 with the 9-frame PLP representa®*>") and
conditions, the gain in classification accuracy is significand the its hybrid representation usinf,, and K,, respectively, trained in both quiet

£ bet th iet and tched diti ik and matched conditions. Classification results with thetisoous code (CC)
performance gap between the quiet and matched CondiliaBsIters i ,inaq on binary SVM scores of clean development data uséngels K,

is reduced. and K, are also shown.
Next, we compare the classification performance of the ®wra
PLP representation in Figur&(a) with that of the representation
proposed by Clarksost al. in Figure 4 in the presence of additive
white Gaussian noise. For brevity, we will denote theseesgm- and compared with the results reported in this paper. Owsitlars
tations by P° and P° respectively. It should be noted that theémprove over the best benchmark result in Table | in quietid@ns,
P° representation uses all frames within a given phoneme and #0.9% (obtained with RLS2 as described in [5]). It should be
transition regions and relies on exact sentence segmemtatiereas Noted that these benchmarks use cepstral representdtensnicode
the P° representation uses only 9 frames (105ms) around the midééormation from the entire variable length phoneme and result
of a phoneme. The local energy features are combined with eddf 20.1% improves on these benchmarks even though we use a fixed
of these PLP representations individually to obtain hybfid and length9-frame cepstral representation. Further improvement lea t
hybrid P¢ representations. From the figures, thé representation be achieved by including all frames within a variable lengioneme
performs slightly better than the 9-frame representatithfor all and its the transition regions, following the method coestd by
noise conditionse.g. using kernel K, with continuous codes, the Clarksonet al. [17]. Furthermore, results presented in this paper
hybrid P°¢ representation achieves an error1o% whereas20.1%  significantly outperform the benchmarks in the presenceoisfen For
error is achieved by the hybri#?° representation in quiet conditions. example,77.8% classification error is reported by Rifkiet al. [5]
Furthermore, an average increase in error raté.b% for the hybrid at 0dB SNR in pink noise whereas our classifier using the hybrid
P representation over the hybrig® representation is observedrepresentation achieves an error %f.8% in same conditions as
across all SNRs tested. This shows that the performancedstipn Shown in Figure3(b).
caused by the lack of information about exact phoneme seigiiam These experiments show that the hybrid representatiorrppsged
in the hybrid P° representation is not considerable. in this paper, contributes significantly to the robustnesphmneme
Finally, in Table I, results of some recent experiments oa thclassification to additive noise and therefore may be alsleitiont-
TIMIT phoneme classification task in quiet condition aregemted end for ASR systems. Although, we focus here on differenpflaof



100 ‘Wh“e‘fa“SS‘ar“ Noise [3] A. Gunawardana, M. Mahajan, A. Acero, and J. C. Platt,
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Fig. 4. SVM classification in the presence of white Gaussiaisenwith ~ [8] K. Crammer and Y. Singer, “On the Algorithmic Implementa

the P¢ representation '6) and its hybrid using kerneld<, and K, tion of Multiclass Kernel-based Vector MachinesJburnal of
respectively, trained in both quiet and matched conditio@kassification Machine Learning Research, vol. 2, pp. 265-292, 2002.
results with the continuous code (CC) using kern&lg and K, are also [9] M. Gales and S. Young, “Robust Continuous Speech Reeogni

shown. . X L .
tion using Parallel Model Combination/EEE Transactions on

TABLE | Speech and Audio Processing, vol. 4, pp. 352-359, Sept. 1996.
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