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Time-Frequency Distributions for
Automatic Speech Recognition

Alexandros Potamianp®ember, IEEEand Petros Marago&ellow, IEEE

Abstract—The use of general time-frequency distributions as  The organization of the paper is as follows: First, we intro-
features for automatic speech recognition (ASR) is discussed in duce the energy operator and the energy spectrum, and com-
the context of hidden Markov classifiers. Short-time averages of 4.6 jt to other spectral envelope representations. In Section Il
quadratic operators, e.g., energy spectrum, generalized first spec- . - . .
tral moments, and short-time averages of the instantaneous fre- short-time instantaneous frequency' estimators are Pr0p0§ed In
quency, are compared to the standard front end features, and ap- the context of the AM—FM modulation model, the sinusoidal

plied to ASR. Theoretical and experimental results indicate a close model, and spectral estimation. The estimators are compared

relationship among these feature sets. to the spectral envelope and their merits as ASR features are
Index Terms—Speech analysis, speech processing, speech recogliscussed. Finally, experimental ASR results are given in Sec-
nition, time-frequency analysis. tion IV. The authors assume in the presentation some familiarity

with the sinusoidal speech model [5], the AM—FM modulation
model [3] and energy operators [2], [4].
|. INTRODUCTION

IME-FREQUENCY distributions and short-time averages ||, QuADRATIC OPERATORS ANDENERGY SPECTRUM
of quadratic operators are very popular front-end features

for automatic speech recognition (ASR). Indeed, the “standard” | '€ €nergy operator is defined for continuous-time signals
front-end feature set is the inverse cosine transformation ”6@) as

the short-time-frequency energy distribution. Despite the stan- A

dardization of the ASR front-end, there has been a significant We[o(t)] = [#(8)] — o(t)i(t) 1)
amount of research on using alternate time-frequency distri-

butions as (possibly additional) ASR features. A good reviewhere: = dz/dt. Its counterpart for discrete-time signais:)

of such efforts can be found in [7]. However, such efforts até

often lacking in theoretical or experimental justification. In this

paper, we attempt to outline the relationships between some Wylz(n)]
popular alternative feature sets and the “standard” front-end

features, and to present experimental ASR evidence tHdte nonlinear operators. andW¥, were developed by Teager
supports these claims. We hope that this study will help gui€lfing his work on speech production modeling [11] and were
future ASR front-end research. first introduced systematically by Kaiser [2]. Whdn. is ap-

The following two types of nonparametric features arBlied to signals produced by a simple harmonic oscillator, e.g.,
investigated in this paper: i) short-time averages of quadrafidnass-spring oscillator, it can track the oscillator’s energy (per
operators, e.g., energy spectrum [8], ii) generalized firg@lf unit mass), which is equal to the squared product of the
spectral moments and weighted short-time averages of #cillation amplitude and frequency; thus the temergy oper-
instantaneous frequency. Note that the standard feature sedtfy. The energy operator has been applied successfully to de-
included in the first family of time-frequency distributions. Oufmodulation and has many attractive features such as simplicity,
goal is to show (both theoretically and experimentally) a clogdficiency, and adaptability to instantaneous signal variations

relationship among these feature sets and the standard feal8kel he attractive physical interpretation of the energy operator
set. has led to its use as an ASR feature extractor in various forms,

see for example [12], [13].
The energy spectrumintroduced in [8], is a general time-
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Time-domain implementation of filterbank ASR front-end.

Fig. 1.

short-time average of the energy operator applied to the family

of band-passed signals.(n), i.e.,

n+N—-1

ES(n, k)= > Ulzi(m)]

m=n
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where N is the length of the short-time averaging window (in

samples). Using Parseval’s relation one can show

Z z(n + a)x(n +b)
- % i cos[(a — b)w]| X (w)|? dw (5)

assuming that(n) is real. Thus

oo

> Walz(n)]

n=—oo

r

Assuming that:(n) is zero outside of the windofm, n+ N —1]
the energy spectrum can be expressed as
1

ES(n, k)= o-
70

1

=5 [1 — cos(2w)]| X (w)|* dw. (6)

™

r

[1 — cos(2w)]|Hi(w) X (w) > dw. (7)

™

In Fig. 1, the time-domain implementation of a general fil

terbank-based ASR front-end is shown. Following the notati
introduced above:(n) is filtered by a bank ofK filters. The
feature set at time index{TF'(n, k): k =1--- K} is defined

as the short-time average of the output of a quadratic operato

Q)(-) applied to each one of the band-passed signgls), i.e.,

n+N-—1

TF(n, k)= Y Qlzx(m)].

m=n

®)
The general form of the quadratic operator is

Qe(m] =3 3 co(ntm)z(ntr) Q)

where ¢,,,,. are constants. Foff = W, the time-frequency

distribution obtained in Fig. 1 is the energy Spec"“”?brmoftheIogarithmoiPS(n k)

TF(n, k) = ES(n, k). For Q(z) = z* the time-frequency o cepstrum domain, th
distribution obtained is the short-time smooth power spectrgl  « ’

envelopé TF(n, k) = PS(n, k) where

n+N-—1 1 s
PS(n, k) = Z [xk(m)]QZ% : |Hk(w)X(w)|2dw

(10)

1For computational efficiency the spectral enveldp®(n, k) is computed as
S(n, k) = (1/7) 7 | Xk (w)]?dw rather than in the time domain as in Fig. 1.

Fig. 2. Ratio of energy spectrum over power spectral envelope.

assuminge(n) is zero outsidgn, n + N — 1J.
Using (7) and (10), the ratio between the power spectral en-
velope and the energy spectrum can be approximated by

ES(n, k

— 1 ) = 2sin?(wy).
PS(n ) 1 — cos(2wy,) = 2sin*(wy)

(11)

The approximation is valid for narrowband signals
xr(n), where the spectral energyX(w)| is concen-
trated aroundw; and the slowly-varying (in frequency)
cos(2w) term can be assumed constant within the band-
width of z,(n). Second-order approximations of (7), i.e.,
ES(n, k) = (1/7) [T _w?|Hi(w)X(w)|? dw, can be shown

to cause formant spectral peak translation in addition to the
scaling apparent in (11). Specifically, formant peaks with
center frequencies up té,/4 Hz are translated toward the

®wer frequencies in the energy spectrum, and vice-versa for

formant frequencies higher thd /4 (thus formant translation
is a function of the sampling frequendy).
fn Fig. 2, atime-slice of the ratipE'S(n, k)/PS(n, k): k =
1... K} is shown (solid line) together with the functidn—
cos(2wy, ) (dashed line). The ratio is computed for a single 20 ms
speech frame of the voweh/ /. A uniformly-spaced Gabor fil-
terbank with 250-Hz 3-dB bandwidth per Gabor filter was used
for computingE’'S and PS (sampling frequency 16 kHz). Dif-
ferences between the computed and predicted ratio values are
due to second-order effects (ripples in Fig. 2 correspond to for-
mant translations irZS) and to the use of the (approximate)
discrete Fourier transform instead of the discrete-time Fourier
transform. Most ASR front-ends use the inverse cosine trans-
as afeature set (cepstrum). In
e difference between energy cepstrum
standard” cepstrum is approximately a time-independent
bias.

In general, using (5) the sum of any quadratic operator
Q[z(n)] output (e.g., see [4], [1]) can be expressed as

™

cos(fw)| X (W)} dw  (12)

> Qlx(n

n=—o&

L
n:;f/
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wherec, are arbitrary constants. For narrowband signals:), in (3), andy is an arbitrary constant. Note tH&#} for v = 0,
cos(fw) can be assumed constant aroundand the short-time F, = (f’(t)), was used for fundamental frequency estimation

average of)[zx(n] can be expressed as in [10] andT F} for v = 2, F, = ([ (O)2[f1(®)]) /{[a’ (1)]?),
(also referred to as the “pyknogram”) was used for formant
log[TF(n, k)] — log[PS(n, k)] = b(k) (13) tracking in [9].

The sinusoidal model [5] models the speech sigr@) as

i.e., the difference between the log of any time-frequency dig-superposition of short-time varying sinusoids. Similarly the
tribution produced by the generalized ASR front-end in Fig. Aarrow-band signals;(t) can be modeled using a sinusoidal
and the log of the power spectral envelope is approximatehnfdel as
time-independent bias vectbKalso in the cepstrum domain).

Given the similarity between the time-frequency distributions .
of quadratic operators it is expected that ASR performance will zk(t) = Z g SIN(2T fipt + Orp) (16)
also be similar for various front-ends that use short-time aver- p=1
ages of quadratic operators as features. However, as the sizgf o anps frps Oxp are the constant (in an analysis frame
the short-time windowV decreases and/or the bandwidth of thf;% n + N — 1]) amplitudes, frequencies, and phases, respec-
filter Hy(w) increases the differences amdfig'(n, k) are no tively, of thep = 1- - - P, sinusoids modeling(¢). A general

longer time-invariant, i.el, = b(n, k) and significant ASR per- {ime_frequency representation can be obtained as a weighted
formance differences may arise between various front-ends (ﬁ%rage offx, as follows:

for example [12] where the energy operator is applied to the un-

Dy

filtered signal). The equivalence betweBS (n, k), PS(n, k) Dy
andS(n, k) = (1/7) f; | Xix(w)*dw as features (in the cep- Z [arp ()] frap(n)
strum domain) for ASR is experimentally shown in Section IV. =1
) P y TF(n, k) = = 17)
lIl. SPECTRAL MOMENTS AND AVERAGE INSTANTANEOUS > larp(m)]
FREQUENCY p=n

In this section, we investigate the relation between variowherey is an arbitrary constant. Note that the summation index
time-frequency distributions motivated by the AM—FM modyp is a frequency index.
ulation model [3], the sinusoidal speech model [5], and spec-Finally a third type of time-frequency distribution is the gen-
tral analysis. The distributions compute the short-time instanteralized first spectral moment
neous frequency in different frequency bands. The distributions
are compared to the short-time spectral envelope and their ap- /7T | X ()] "w dw
plication to ASR is discussed. TFy(n, k) = 1/,

The AM—FM modulation model, introduced in [3], describes (18)

[ e d
a speech resonance as a signal with a combined amplitude mod- o KW w

ulation (AM) and frequency modulation (FM) structure
where~ is an arbitrary constant. Note that; for v = 0.5

T 5 t J 0 14 has been used as an ASR feature in [6]. Next we investigate
r(t) = a’(t) cos | 27 fct+/0 g(r)dr| + 14 the relationships among the three time-frequency distributions
T, TF,, andTF5 defined above.

wherg ClearlyT F3 is a short-time estimate of the generalized spec-
Je=F “center value” of the formant frequency; tral moment, i.e.TF; ~ TF,. As P;, goes to infinity in (16)
q(t) frequency modulating signal; (i.e., more sinusoidal components are included in the approxi-
al(t)  time-varying amplitude. mation) the time-frequency representatidni,, 7 F; become

The instantaneous formant frequency signal is defined @gual. The relation betwedn; andZ’F, is more complicated
J7(t) = fe + q(t). The speech signal(t) is modeled as the and depends on the value of the amplitude weighBpecifi-
sumz(t) = Y, m(t) of K such AM—FM signals, one for cally, fory = 2, it is easy to show that all three time-frequency
each formant. A general family of time-frequency distributiongistributions are equivalent, i.€[fy, = TF, = TF; [9]. For

of amplitude weighted short-time averages of the instantaneeust 2, one can show (along the lines of the proof for= 0

frequency is defined as in [10]) that under the assumption thit, are harmonically re-
lated
n+N-—1
I I
2_: [ax ()] (1) [aras ()] frnr (1) +% > larp ()P fip(n)

Th(n, k) = m;—:l\f—l (15) TF(n, k)~ 5 pEM

> el [aar ()] + 5 > lap(m)]?

m=n p#EM

(19)

whereal (n), f{(n) are the amplitude envelope and the instantavhere a,,; = max,{as,} is the amplitude of the sinusoid
neous frequency, respectively, of the narrow-band sigpé@t)  fias with the greatest amplitude. Thuge have established that
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TF,, TF,, TF; are equivalent fory around 2 Next, we in- TABLE |

: : : DIGIT ERROR RATE FOR DIFFERENT TIME-FREQUENCY DISTRIBUTIONS AS
]\‘/risnttlgeaig the relationship betwegiFs and the standard ASR ASR FEATURE SETS (C' 1! IS THE INVERSE COSINE TRANSFORM)

The standard ASR front-end computes the short-time

spectral energy in each of the frequency bings follows:
S(n, k) = (1/7) [y | Xe(w)[*dw, where X, (w) is defined
in (3). Assuming thatix(n) in (3) is the real Gabor filter's
impulse response, the frequency response can be expressed as

Front End Fltbnk | W.Acc

Baseline cep: C71{S} = ¢;..c12 | triang. | 97.1 %

Power cep: C~1{PS} Gabor | 96.8 %

—(w—ws)?/4a? —(wtws)? /4a?
Hi(w) = (V/7/2a)(e™@men)* /40 4 o~(wtw)®/4a®y - (00) Energy cep: C~1{ES} Gabor | 97.0 %
wherew is proportional to the bandwidth of the filter. For= 2 Pyknogram cep: C~1{TF} Gabor | 81.1 %

and for a Gabor filterbank, the spectral moment time-frequency

distributionT’F3 can be expressed as a function of the standard ] ) ]
front-end feature s&f as follows 4) amplitude weighted average instantaneous frequency

TF(n, k) forvy = 2.

For all front ends the feature set consisted of the mean square of
the signal (“standard energy”), the inverse cosine of the above
described time-frequency distributions (cepstrum), and the first
wheredS(n, k)/dwy is the derivative of the short-time spectrabnd second derivatives of these features.
energy distributiort' with respect to the center frequency of the The results are shown in Table I. As expected the performance
filterbank filter wy,. of S, PS and ES is very similar, whileT £} performs signifi-

Given the close relationship betwed@h; and S it might cantly worse. This is consistent with the theoretical results ob-
be expected that both distributions will perform similarly whegained in Sections Il and 111,
used as features for ASR. Howev#ris a zeroth-order spectral
estimator whil€l'F3 is a first-order one [see (18)]. ThuFs V. CONCLUSIONS
is expected to be a less robust estimator and have inferior class'\-N h blished the cl lationshi
fication performance. Indeed, we have experimentally verified € have esta ishe .t € close Te gtlons IPamong var-

. . . . 1ous short-time distributions and provided baseline results

that the separability of phonemic classes in #{&) space is . .
significantly better than in thé@'Fy(k) space. Efforts to aug- comparing the ASR performance of these alternative feature

ment the standard feature seby one of ’F} 3 are expected Sﬁtswr\:wttr:‘ tthle tshtan(;ji;r? ﬁSRbfrt?lyt-ind. S?re?:"fgﬁ f't \;vars
to have little success [6] due to the high correlation betwe%no. at 1) the rerence between cepstru catures
rterlved from short-time averages of quadratic operators and the

thg two feature sets exempllfleq by (21). Not_e, however, thatandard ASR front-end is a time-independent bias, provided
gains may be observed when different analysis time-scales %}re

used for the two distributions or for mismatched ASR condh at identical time-frequency tiling and narrowband filters are

tions (in training and testing), e.g., noisy speech. Further, sindged in the ASR front-end and 2, TF, and T'F; are

TF, ~ TF; ~ TF, for v ~ 2 the above statements are alssqu;aelgn\}veﬁlﬁ?i-:e?:igceydy r(ej)re;enéalgogzn ngezx iggsl';de
valid for TF; andT'F. a ghting = 2), p

as the derivative of the spectral energy distributi®n The
implications of these results for speech recognition were also
discussed and experimentally verified. For matched training
In this section, the recognition accuracy of the various feand testing conditions, ASR front-ends using cepstrum derived
ture sets is compared for a connected digit recognitionask. from averages of quadratic operators were shown to perform
hidden Markov model (HMM) recognizer was used with eighgimilarly to the standard ASR front end, while front-ends
Gaussian mixtures per HMM state. Each digit was modeled bging first spectral moment features were shown to perform
a left to right HMM unit, 8-10 states in length. The test setignificantly worse.
consists of 4304 digit strings (13 185 digits) collected over the
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