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ABSTRACT tween the spectral and temporal modulations has been conducted by
. varying the number of sub-bands in input speech analysis [5]. Here,
In this paper, we present a robust spectro-temporal feature extrag i<’ shown that a combination of spectral and temporal information
tion technique using autoregressive models (AR) of sub-band Hllbeﬁg important for human perception of phonemes.
envelopes. A.R T“Ode's of.Hi.Ibert envelopes are derived “S‘”Q fre- In our previous work [6], we had proposed a feature extraction
quency domain linear prediction (FDLP). From the sub-band Hilber, . hique that combines short-term spectral features and the tempo-

envelopes, spectral features are derived by integrating these ¢ il modulation features for the task of phoneme recognition. Specif-

velopes in short-term frames and the temporal features are forme, ally, speech signals in frequency sub-bands are analyzed over long

by converting these envelopes into modulation frequency Compot'emporal segments using the Frequency Domain Linear Prediction
nents. The spectral and temporal feature streams are then co

. . . DLP) to estimate the Hilbert envelopes. The short-term spectral
bined at the phoneme posterior level and are used as the input f ) P P

¢ f ii ‘ For th d feat bast atures are derived by integrating the sub-band Hilbert envelopes
tures for.a recognition system. ~or In€ proposed teatures, robasINgg g, ¢ analysis windows and the temporal modulation features are
is achieved by using novel techniques of noise compensation a

. R o - tained by the application of cosine transform on the compressed
gain normalization. Phoneme recognition experiments on telephor@tatic and adaptive compression) long term sub-band Hilbert en-

speech in the HTIMIT database show significant performance im;:
ts for th d features wh dto othet robu °PeS 161

]E)ro;/em?n rs] or the propose elatl_Jresv(\; e? Ct%gp;r_e go ELTODUS 1 this paper, we propose a noise compensation technique and a
eature techniques (average relative reductio oIn phoneme ain normalization technique for FDLP in deriving spectro-temporal

error raie). In addition to the OV?ra” F’hO“‘?me recognition rates, th eatures. For noise compensation, an estimate of the noise enve-
performance with broad phonetic classes is also reported. lope is derived from the input noisy speech signal in each sub-band.
Index Terms— Frequency domain linear prediction (FDLP), This estimate is subtracted from the noisy sub-band envelope before
Hilbert Envelopes, Robust spectro-temporal features, Phonentbe application of linear prediction in frequency domain. Once the
recognition. FDLP envelopes are estimated, we apply a gain normalization pro-
cedure on the FDLP envelopes which tries to alleviate convolutive
distortions in speech. The application of these techniques improves

1. INTRODUCTION the robustness of the proposed features in mismatched train/test con-

Conventional speech analysis techniques estimate the spectral ccﬂ{t-'olgs' . ; d h . ki
tent of relatively short (about 10-20 ms) segments of the sign TIM)I('?%nm%mS age p(;r_ ohrme on p lonﬁme rehcognltllon taj. n
(short-term spectrum). Each estimated vector of spectral energi atabase [8] (which contains telephone channel recordings

: : : . of TIMIT data) using the models trained in clean TIMIT dataset.
represents a sample of the underlying dynamic process in producti o e
of speech at a given time-frame. Most of the information containe T\AﬁeA?\&ybrﬁ Hidden Markqv_ Model - Artlgf;cw_lltheural Net\(/jvcf)rk
in these acoustic features relate to formants which provide importa l" . ) phoneme recognition system [9]. The proposed fea-

cues for recognition of basic speech units. Stacking such estimat&des provide considerable improvements in phoneme recognition

of the short-term spectra in time provides a two-dimensional (time&ccuracies for this task.

frequency) representation of speech that forms the basis for most The rESt. of t?e gap_e_r is orgak:lizzd as flollowg. (;n Sgg. (21 thhe
speech features (for example [1]). FDLP technique for deriving sub-band envelopes is described. The

An alternate way to describe a speech signal is that of a Sunforlverspn of tlhc_ese dS.Ubéban% egvelopes |rt1to s_tphe;:k:ral and terg;;oral
mation of a number of amplitude modulated narrow frequency sup CAUres IS explained in Sec. 5. Experiments wi € proposed fea-

bands. In this view, every frequency band can be considered fires for phone_me re_cogniti_on task are reported in Sec. 4. In Sec. 5,
consist of a carrier signal (fine structure) and a time-varying enve?’® conclude with a discussion of the proposed features.
lope [2]. One can directly estimate trajectories of spectral energies

in the individual frequency sub-bands, each estimated vector then 2. FREQUENCY DOMAIN LINEAR PREDICTION
representing the underlying dynamic process in a given sub-band.

Such estimates, stacked in frequency, also form a two-dimensiondhe Hilbert envelope, which is the squared magnitude of the ana-
representation of speech (for example [3]). lytic signal, represents the instantaneous energy of a signal in the

For human phoneme recognition, it has been shown that moduime domain. A discrete time analytic signal, as defined in [11], can

lation information of0-16 Hz is important [4]. The interaction be- be obtained by forcing the causality of the discrete Fourier trans-
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Fig. 1. Block schematic for the frequency domain linear prediction Fig. 3. Noise compensation in frequency domain linear prediction.
(FDLP).
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Fig. 4. Log-FDLP envelopes for a sub-band of clean speech and
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Fig. 2. lllustration of the all-pole modelling property of FDLP. (a)a _ Ve apply noise compensation technique on FDLP as shown in
portion of the speech signal, (b) its Hilbert envelope computed usin§i9- 3. A voice activity detector (VAD) operates on the input speech
DFT [11], and (c) all pole model obtained using FDLP. ;lgnal to |nd|cat_e the presence of n_on-speech frames. The VAD is
implemented using the same technique proposed in [12]. The VAD
output is a flag indicating the speech/non-speech decision for every
form (DFT) and by ensuring the orthogonality of real and imaginaryshort-term frame of speech (with a length2sfms and a shift ol0
parts. Mathematically, it can be shown that the autocorrelation ofns).
discrete cosine transform (DCT) of the input signal and its discrete  As mentioned before, long segments of the input speech signal
time Hilbert envelope are Fourier transform pairs [7]. This meansare transformed to DCT domain. The discrete time analytic signal is
that the application of linear prediction on the cosine transform obbtained as the magnitude IDFT of the DCT signal. If noise signal is
the signal yields an AR model of the Hilbert envelope of the signaladditive in signal domain, it continues to be additive in the analytic
Thus, a parametric model for the Hilbert envelopes can be obtainesignal domain. Hence, the effect of noise can be compensated by
using FDLP [2, 7]. short-term noise subtraction on the analytic signal. This is achieved
Fig. 1 shows the block schematic for the implementation ofin two steps. In the first step, we window the analytic signal into
FDLP technique. Long segments of the input signal (of the ordeshort-term segments (of leng#s ms with a shift of10 ms). The
of 1000 ms) are transformed into frequency domain using DCT. Thenext step is to subtract an estimate of the short-term noise component
inverse DFT (IDFT) of the DCT coefficients represents the discretelerived from non-speech segments (in the initial portion of speech
time analytic signal [7]. Spectral autocorrelations are derived bytterances).
the application of DFT on the squared magnitude of analytic signal.
Thes_e qutocorrelations_are _used for Ii_near prediction_ (similar to thg 5 540 Normalization
application of TDLP using time domain autocorrelations [10]). In
deriving spectro-temporal features for phoneme recognition, FDLA he Hilbert envelope and the spectral autocorrelation function form
is applied on the critical bands of the input speech signal. Fourier transform pairs [7]. When speech is corrupted by convolu-
Fig. 2 shows the AR modelling property of FDLP. It shows (a) ative distortions, the sub-band Hilbert envelopes can be assumed to be
portion of speech signal, (b) its Hilbert envelope computed using tha convolution of the sub-band Hilbert envelope of the clean speech
Fourier transform technique [11] and (c) an all pole approximatiorwith the sub-band Hilbert envelope of the noise [13]. This means
for the Hilbert Envelope using FDLP. that the spectral autocorrelation function of convolutive noise can be
approximated as the multiplication of spectral autocorrelation func-
tion of the clean speech with that of the convolutive noise. Typically,
for long segments of input signal, the spectral autocorrelation func-
When additive noise is present in speech signal, the FDLP envdion in frequency sub-bands can be assumed to be slowly varying
lope is modified in such a way its dynamic range is reduced. Theompared to that of the speech signal. Thus, normalizing the gain
effect of noise is more pronounced in the valleys of the FDLP enof the sub-band FDLP envelopes suppresses the multiplicative effect
velopes, where the mismatch between clean and noisy speech is sfiresent in the spectral autocorrelation function of noise [13].
nificant. When features are derived from the uncompensated FDLP When speech signal is passed through a telephone channel, the
envelopes, the performance of the phoneme recognition system dedtput signal can be modelled as a combination of back-ground addi-
grades significantly in noisy conditions. tive noise and a convolutive noise in the channel. In such conditions,

2.1. Noise Compensation



) . Table 1. Phoneme Recognition Accuracies (%) in clean speech and
Co,ﬁ;,a,ggsio = . telephone speech (average performanc® fdrannel conditions).
modulation Feat Clean | Tel

features PLP 65.4 | 34.3
statically compressed sub-bands envelopes ETSI 64.0 | 47.7
L] FDLP-S 63.5 | 52.2
) . MRASTA 62.8 | 48.0
Speech— | FDLP |—= comimeeot—= | * / . FDLP-M 62.3 | 55.4
- PLP+MRASTA 67.5 | 47.5
_ ETSI+MRASTA 66.8 | 52.9
FDLP-S+FDLP-M | 66.7 | 57.9

adaptively compressed sub—bands envelopes

L ms. The input signal is divided by the output signal of the low-pass
fg;ﬁ‘;:s' filter in each adaptation loop. The compressed temporal envelopes
* are divided into200 ms segments with a shift af0 ms. Discrete
Cosine Transform (DCT) is applied on the static and the adaptive
time segments to yield the static and the adaptive modulation spectrum re-
sub-bands envelopes spectively. We usé4 modulation frequency components from each
cosine transform, yielding modulation spectrum inthe 35 Hz re-
Fig. 5. Schematic of the joint short-term spectral and temporal modgion with a resolution o2.5 Hz. The static and adaptive modulation
ulation feature extraction technique features for each sub-band are stacked together to obtain modula-
tion features for each sub-band and fed to the posterior probability
o . ) ) o estimator.
the combln_atlon of noise compensation and gain r_lormallzqtlt_)n_pro- We combine the short-term spectral and modulation frequency
vides gonglderable robustness to the FDLP technique. This is illusgatures at the phoneme posterior level using the Dempster Shafer
trated in Fig. 4, where we plot the log FDLP envelopes for clean aanS) theory of evidence [16].
telephone speech in two conditions, (a) without gain normalization
and noise compensation and (b) with gain normalization and noise
compensation. This figure shows that the application of these tech-

nigues reduces the mismatch between the FDLP envelopes extracted .
from clean and noisy speech. In the next section, we use the gaﬂ:he proposed features are used for a phoneme recognition task on

normalized and noise compensated FDLP envelopes for extractirf® HTIMIT database [8]. We use a phoneme recognition system
spectro-temporal features from input speech. based on the Hidden Markov Model - Artificial Neural Network

(HMM-ANN) paradigm [9]. The system is trained on clean speech
using the TIMIT database downsampledtkHz. The training data

frequency

4. EXPERIMENTS AND RESULTS

3. SPECTRO-TEMPORAL FEATURE EXTRACTION consists 08000 utterances fron375 speakers, cross-validation data
31. Short-t Spectral Feat set consists 0696 utterances frond7 speakers and the test data set
T ort-term Spectral Features consists ofl 344 utterances from68 speakers. The TIMIT database,

As mentioned before, Hilbert envelope represents the instantaneowdich is hand-labeled usingl labels is mapped to the standard set
energy of a signal in the time domain. Since integration of signal enof 39 phonemes [14]. For phoneme recognition experiments in tele-
ergy is identical in time and frequency domain, the sub-band Hilberphone channel, speech data collected fidtelephone sets in the
envelopes can equivalently be used for obtaining the sub-band ehiTIMIT database [8] are used, which introduce a variety of chan-
ergy based short-term spectral features. This is achieved by int&el distortions in the test signal. Each of these telephone channels
grating the sub-band temporal envelopes in short term frames (&Pnsist of842 test utterances, which also have clean recordings in
the order of25 ms with a shift of10 ms). These short term sub- the TIMIT test set. The system is trained only on the original TIMIT
band energies are then converted iftaepstral features along with - data, representing clean speech without the distortions introduced by
their first and second derivatives (similar3®@dimensional PLP fea- the communication channel but tested on the clean TIMIT test set as
tures [1]). Each frame of these short-term spectral features is usétll as the HTIMIT degraded speech.

with a context ofg frames for training a phoneme posterior proba-  Table 1 shows the results for phoneme recognition accuracies for
bility estimator [14]. various feature extraction techniques in clean and telephone speech.

In the base-line experiments, the proposed features are compared
with other feature extraction techniques on the same task - the PLP
features with & frame context [14] and Advanced-ETSI (noise-
The long-term sub-band envelopes from the FDLP form a compaabbust) distributed speech recognition front-end [12] withfeame
representation of the temporal dynamics over long regions of theontext which are similar to short-term spectral features derived us-
speech signal. The sub-band FDLP envelopes are compressed irsg FDLP (FDLP-S) and MRASTA features [17] which are similar
ing a static compression scheme which is a logarithmic function antb modulation features derived from FDLP (FDLP-M). We combine
a dynamic compression scheme [15]. The dynamic compression the short-term spectral and modulation frequency features [6] us-
realized by an adaptation circuit consisting of five consecutive noning the DS theory of evidence to obtain three more feature sets -
linear adaptation loops [15]. Each of these loops consists of a dividd?LP features with MRASTA features (PLP+MRASTA), ETSI fea-
and a low-pass filter with time constants ranging fromms to 500 tures with MRASTA features (ETSI+MRASTA) and FDLP-S fea-

3.2. Long-term Modulation Features



Table 2. Recognition Accuracies (%) of broad phonetic classes obTable 3. Recognition Accuracies (%) of broad phonetic classes ob-

tained from confusion matrix analysis on TIMIT database tained from confusion matrix analysis on TIMIT database
PLP + ETSI + FDLP-S + PLP + ETSI + FDLP-S +
Class MRASTA | MRASTA | FDLP-M Class MRASTA | MRASTA | FDLP-M
Vowel 87.6 87.5 88.8 Vowel 83.7 85.7 87.9
Plosive 82.2 815 80.9 Plosive 60.0 68.4 73.0
Fricative 81.8 81.2 79.7 Fricative 71.3 73.5 78.2
Semi Vowel 75.2 75.5 74.4 Semi Vowel 70.7 74.7 72.0
Nasal 85.2 84.0 83.6 Nasal 69.8 72.1 80.1
Avg. 82.4 81.9 81.5 Avg. 711 74.9 78.2
tures with FDLP-M features (FDLP-S+FDLP-M). [3] B.E.D. Kingsbury, N. Morgan and S. Greenberg, “Robust

The FDLP-S features provide comparable results as the ETS| ~ SPEECh recognition using the modulation spectrograeech
features in clean conditions whereas it shows good robustness in Comm, Vol. 25 (1-3), pp. 117-132, 1998.
telephone channel conditions. The modulation features (FDLP-M)[4] R. Druliman, J.M. Festen and R. Plomp,“Effect of Reducing
result in significant improvements for phoneme recognition rate in ~ Slow Temporal Modulations on Speech Receptiofi’Acoust.
telephone speech compared to the MRASTA features. The joint  Soc. Am, Vol. 95(5), pp. 2670-2680, 1994.
short-term spectral and modulation features yield robust phonemgs] L. Xu and Y. Zhang, “Spectral and temporal cues for phoneme
recognition compared to the baseline systems. We obtain a relative  recognition in noise,” J. Acoust. Soc. Am., Vol. 122(3), pp.
improvement ofl 0.6 % in telephone speech phoneme recognition. 1758-1764.

[6] S.Thomas, S. Ganapathy and H. Hermansky, “Phoneme recog-

5. DISCUSSION AND CONCLUSION nition using spectral envelope and modulation frequency fea-
tures”,Proc. of ICASSP, 2009.

The previous section showed that the proposed feature extractio7] M. Athineos and D.P.W. Ellis, “Autoregressive modelling of
provides promising phoneme recognition performance on HTIMIT temporal enveloped'EEE Trans. Speech and Audio Proc., Vol.
database. Here, we analyze the improvements in terms of decompo- 55, pp. 5237-5245, 2007.

sitions into broad phoneme classes using phoneme confusion mafg] p.A. Reynolds, “HTIMIT and LLHDB: speech corpora for the

trices. Table. 2 and Table. 3 show the recognition accuracies of  study of hand set transducer effects,”Rroc. ICASSP, 1997,
broad phoneme classes for the proposed feature extraction tech- pp 1535-1538.

nigue along with baseline systems for clean and telephone speectb]
respectively. For clean conditions, the proposed features (FDLP- ; . .
S+FDLP-M) provide recognition accuracies that are competent with 'lggljyb”d Approach, Kluwer Academic Publishers, Boston,
other techniques for all the phoneme classes. For telephone speech, '

the FDLP-S features provide significant robustness for fricatives an[10] J. Makhoul, “Linear Prediction: A Tutorial Review”,iRroc.
vowels (which is due to modelling property of the signal peaks in of the IEEE, Vol 63(4), pp. 561-580, 1975.

FDLP) whereas the FDLP-M features provide good robustness fqn1] L.S. Marple, “Computing the Discrete-Time Analytic Signal
plosives (where the fine temporal fluctuations like onsets and off- via FFT”, IEEE Trans. on Acoustics, Speech and Signal Pro-
sets carry the important phoneme classification information). Hence,  cessing, Vol. 47, 1999, pp. 2600-2603.

the combingtion of these feature streams results in con_siderable ir[EZ] “ETSIES 202 050 v1.1.1 STQ; Distributed speech recognition;
provement in performance for most of the broad phonetic classes. Advanced front-end feature extraction algorithm; Compression
In summary, we have proposed a robust spectro-temporal feature algorithms”, 2002.

extraction scheme for ASR. Sub-band Hilbert envelopes, estimat
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