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4.2 I Short-Term Measures from Long-Term Concepts 231

which can be computed at any m independent of past values of Ps(n).
Note, however, that (4.18) can be written as a recursion,

P;(n)=P;(n-l)+s2(n)-s2(n - N), (4.19)

where NPs(n). If P;(n) is to be computed at m = 0, N/4,
N/2, ... ,for example, the use of (4.18) requires N squaring operations
and (N - 1) additions every N/4 points or four squaring operations and
approximately four additions per n (per speech sample or norm-sec);
whereas (4.19) requires only two squares and two adds per n once the in-
itial computation is performed.

Finally, it should be noted that the test of merit of a short-term esti-
mator is the accuracy with which it estimates its long-term counterpart
[assuming s(n) remains stationary], that is, the degree to which

Xs(A; m) Xs(A). (4.20)

This approximation, in turn, is directly related to the choice of windows
in the analysis. A review of this important topic is found in Section
1.1.5. More details on the effects of windows in the design of estimators
can be found in the textbooks listed in Appendix I.A. Let us briefly re-
call the two considerations in choosing a window: type of window and its
length, N. Generally speaking, for a fixed N, two competing factors
emerge in the choice of window type (note in the discussion above that
the windows act directly on the speech data): the need not to distort the
selected points for the waveform versus the need to smooth the abrupt
discontinuity at the window boundaries. (A frequency domain interpreta-
tion of these factors is found in Section 1.1.5) Generally, the latter con-
sideration emerges as primary, and "smoother" windows such as the
Hamming are used. In choosing N, again there are two competitive fac-
tors: for a fixed window type, increasing N improves the spectral resolu-
tion at a given m by providing more information to the computation. An
example arising in voiced speech is shown in Fig. 4.2. However, as the
window slides through time (to compute features at various m's), long
windows make phonetic boundary straddling more likely and events in
time are not resolved as well. This phenomenon is also illustrated in Fig.
4.2. The choice of N is highly problem dependent, but as a rule of
thumb, speech can be assumed to remain stationary for frames on the
order of 20 msec so that window lengths are chosen accordingly.

Before leaving the generalities of short-term processing to look at some
important examples, we examine two more variations on the theme of
deducing a short-term feature based on a long-term attribute.

4.2.4 Approach 2 to the Derivation of a Short-Term Feature and
Its Two Computational Forms

The long-term temporal average for a speech sequence, s(n), is

Jls = of{s(n)}. (4.21)
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262 Ch. 4 I Short-Term Processing of Speech

(r= 3)

(r = 2)

(r= 1)i
('.I

.s

0 F 2F 3Fo 4F
0 0 0

i

.sa

0 F F 2F 3F
--!? 0 0 0

2

\0

sa

0 F 2F F 2Fo 0 0 0

33
Frequency, F (kHz)

FIGURE 4.13. The harmonic product spectrum is the product of frequency-
compressed copies of the original spectrum. In each copy the frequency
axis is compressed by a different integer factor so that the harmonics line
up and reinforce the fundamental frequency.

4.4 Conclusions

The fundamental purpose of this chapter has been to provide a formal
basis for the processing of frames of speech as these frames move though
time. Since speech typically remains stationary for ranges of only tens of
milliseconds, this issue is of critical importance in the extraction of fea-
tures from speech. These features, in turn, dynamically characterize the
waveform for coding, analysis, or recognition.

Short-term features of speech are generally computed using one of two
basic paradigms which we have formalized as "construction principles."
These both amount to windowed transformations of long-term attributes
of the signal, and the two construction principles differ in essence by
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526 Ch. 8 I Speech Enhancement

(a) Original. (b) Distortedoriginal. (c) Four iterations. (d) Eight iterations.

FIGURE 8.7. Variation in vocal-tract response across iterations: (a) original,
(b) distorted original, (c) 4 iterations, (d) 8 iterations.

it is normally assumed that the characteristics of speech are short-term
stationary. The alternative algorithms are based on sequential two-step
MAP estimation of the LP parameters and noise-free speech waveform.
In order to improve parameter estimation, reduce frame-to-frame pole
jitter across time, and provide a convenient and consistent terminating
criterion, a variety of spectral constraints were introduced between MAP
estimation steps. These constraints are applied based on the presence of
perceptually important speech characteristics found during the enhance-
ment procedure. The enhancement algorithms impose spectral con-
straints on all-pole parameters across time (interframe) and iterations
(intraframe), which ensure that

1. The all-pole speech model is stable.
2. The model possesses speech-like characteristics (e.g., poles are not

too close to the unit circle causing abnormally narrow bandwidths).
3. The vocal system characteristics do not vary wildly from frame to

frame when speech is present.

Due to the imposed constraints, improved estimates 8 k+1 result.
In order to increase numerical accuracy, and eliminate inconsistencies

in pole ordering, the line spectral pair (see Section 5.4.1) transformation
was used to implement most of the constraint requirements. The imposi-
tion of these constraints helps in obtaining an optimal terminating itera-
tion and improves speech quality by reducing the effects of these
anomalies.

The constrained iteration method attempts to bridge the gap between
the two broad enhancement philosophies, where the basic sequential
MAP estimation procedure serves as the mathematical basis for enhance-
ment while the imposition of constraints between MAP estimation steps
attempts to improve aspects important in human perception. Figure 8.8
illustrates results from a single frame of speech for the traditional Wiener
filtering method (unconstrained) and constrained approach. Further dis-
cussion of quality improvement for iterative speech enhancement meth-
ods will be found in Section 8.7. Another speech modeling approach
using a dual-channel framework by Nandkumar and Hansen (1992) ex-
tends this method by employing auditory-based constraints. Improve-
ment in speech quality was also demonstrated over a portion of the
TIMIT database (see Section 13.8).
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548 Ch. 8 I Speech Enhancement

The filter of (8.60) is typically implemented in the time domain,
whereby the output is an average of delayed and weighted versions of the
noisy input. Choosing the delay to correspond to the fundamental period
in y(n) results in an averaging process that strengthens all components
with that period, and attenuates or cancels others that have no period or
a period different from the original fundamental. Clearly, the success of
this process is inherently dependent on the accuracy of the estimate of Fo
for the desired signal. Certainly, the performance of the comb filter is
best when the pitch does not change over the analysis window [e.g.,
(2LTo ) + 1 samples]. The estimation of Fo can in fact be a difficult task,
since speech signals often vary from one pitch period to the next. The
problem of Fo changing within an analysis window can be approached
with the following modification to (8.60):

L .

s(n) = I c(i)y(n - iTo+ 'i)·
i=-L

(8.61)

Here individual pitch period durations are required over the entire data
analysis window. These measurements are then used as the timing adjust-
ments 'i to align adjacent pitch periods. As the number of pitch periods
used in the comb filter, L, increases, so does the need to include the
alignment factors 'r Therefore, simple ACFs set 'i = 0 and keep the num-
ber of pitch periods used for filtering to a minimum (e.g., L = 1, resulting
in three periods). More sophisticated approaches incorporate larger num-
bers of pitch periods (e.g., L = 6, resulting in 13 periods), and perform
pitch alignment using 'i timing terms. It is desirable to include as many
periods as possible, since the number L is inversely proportional to the
bandwidth of each tooth in the comb filter. Larger values of L, therefore,
produce more narrow harmonics for the filter and allow for further noise
removal. However, due to the short-term stationary property of speech,
the number of pitch periods must not represent more than a 30-40-msec
duration, thereby limiting the range of L. It has been shown (Lim et aI.,
1978) that although small increases in SNR occur as the filter length in
pitch periods increases from 3 to 7 to 13, intelligibility scores decrease.

Malah and Cox (1982) proposed a generalized comb filtering tech-
nique that applies a time-varying weight to each pitch period. The
method is similar to normal comb filtering, except that the weights as-
signed to samples across the pitch period are not fixed. The generalized
comb filter has been shown to reduce frame-rate noise for an adaptive
transform coder (Cox and Malah, 1981). The method has also shown
promise in smearing the structure of simulated periodic interference.
Malah and Cox also reported some preliminary experiments for a com-
peting speaker problem (one male and one female). Their initial findings
suggest that a tandem system of a fixed comb and generalized comb fil-
ters are more effective than a cascade of two fixed comb filters.

Finally, an ACF technique introduced by Frazier et a1. (1976) formu-
lates a filter that adjusts itself both globally and locally to the time-
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