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ABSTRACT

The frequency domain representaticn of a time signal afforded
by the Fourier transform is a powerful tool in acoustic signal
processing. The usefulness of tnis representation is rooted in the
mechanisms of sound production and perception. Many sources of
sound exhibit normal modes or natural freguencies of vibration, and
can be described concisely in the frequency demain, The human
auditory system performes fregquency analysis early in the hearing
process, so perception is often best described by frequency domain
parameters.

This dissertation investigates a new approach to acoustic
eignal processing based on the short-time Fourier transform, a tuwo
dimensional representation wnich chouws the time and frequency
structure of sounds. This representation is appropriate for signals
csuch as speech and nusic, uWhere the natural frequencies of the
source change and timing of these changes is important to
perception, The principal advantage of this approach is that the
signal processing domain is similar to the perceptual domain, so
that signal modifications can be related to perceptual criteria.

The mathematical basis for this type of processing is
developed, and four exanples are described: removal of broad band
background noise, isclation of perceptually important speech
feature:, dynamic range compression and expansion, and removal of

locally periodic interfering signals.
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CHAPTER 1

INTROCUCTICN

1.1 Short-Time Frequency Analysis

The representation of & signal by its Fourier transform is
central to acoustic s.¢nal processing. Tre usefulness of this
transform derives from the mechanisms of sound production and
perception. Many sources of sound exhibit normal modes or natural
frequencies of vibration, and such phenomena can be described
concisely in the frequency domain. There is clear evidence that the
human auditory system performs frequency analysis, and perception is
often best described by freguency domain parame'ers.

In eignals such &s speech and music, the characteristic
frequencies of the source change, and perception depends on the
timing of these changes. For signals such as these, a modification
of the Fourier transform is desired which will shou the salient time
and frequency structure of the signal. This result can be obtained
by introducing a window cr weighting function which isolates a short
segment of the signal. The window moves along the signal as time
progresses, and Fourier analysis is applied to the portion of the
gignal seen through the window. The result is the short-time
Fourier transform (1,21 - a two dimensional, time/frequency

representation of the signal:

Slw,t) = J12 m{t-x)esi{x)-exp(-inux) dx (1.1)
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where sit) is ne s.gnal and =(t) is tne wincow. The short-time
Fourier transform is invirticle (1], ang ¢ n{0) w0 the inverse is

usually cnosen as

s(2) o 2ru(C)) 2 Stu,t)-explivet) cu. (3 G20

A visible representetion 0f tre snori-time Fourler transform Of
cpeech is shoun in Figieres | ana Z. Tne grcinate in these figures
is frequency (0-5000 kKz), tre aocissa is time (1 sec), and :tne
intensity of the reflectecd lignt is prcportional to the magn.ituce Of
S{u.t)., The difference in apgearance o0¢ :re twd figures is cdue t0
the window. Figure | wae mace witn a relatively shert wingow (10
meec) so that time resclution is good - individual pitch pulses
caused by the vocal corde opening and closing can be seen. Figure 2
vwas made with a longer window (30 msec) any freguency resolution is
increaced - pitch pulses are not visitle bul the resulting harmonic
ctructure is. The effect of the window will be discussed in more
detail in the next chapter.

Time/frequancy displays like Figure | and 2, which are commonly
called spectrograms, are widely usec by speech researchers (2,3].
These displays are useful because they show features important to
production and percepticn 0f speech. This is illustrated by a
ceries of experiments pe‘farmed at Haskins Laboratories [64,5]. In
these ewxperiments, a mechanical system was used to play back
ctylized, hand-painted spectrograms cf closely related sounds, such
as syllables beginning with p, t, and K. It was founa tnat
perceptual  distinctions among these sounds were explained by

differences in their time/freguency structure such as the peak



e , 2

-
<
-

frequenty oS¢ tne nolte Surst anc tne cirecticn of esubsequen?
formant? transiticns. Tnese features must De accurately reprocuced

Dy systems for synines.s cor transzission of speech, but they are not

reacily apparent in tre 3Seecn <avetors or s conventional Fourier
ransforna.

Secauce Lt tccels sceesn procustion  and cerception, the
chCrt-tive Fourier transfgora nas ceen used 1n an eféicient metnoy of
speech encouing. Tre Prase Yococer 6] performs analysis vased on
1.1 (sampley in freguencyl. ana ranssll canalimited seignals
corresponding ¢ tne magnitule JInc  pnase of the shert-time
cransfort. Speecn 1s reconsiructed at the receiver using 1.2. In a

more general sense, rearly a.l crannel vocoders are based on

short-time freguercy aralysis (7],

1.2 Time/Freguency Analysis in the Human Auditory Systen

Helmholtz (8] ¢irs: prcpcsez a theory of hearing based on
frequency analysis of accustic stinuli. This feature of hearing has
been cheerved im Nuterous Psycncpnysical experiments (9,10), and was
put on a firm pnysiological dasis by von Bekeey (11) and Kiang (12].

A schematic diagram of the per.pheral auditory system is ehouwn
in Figure 3. Scund pressure waves cause vitration of the eardrum or
tynnannic membrane. These vibrations are transmitted by the
ocsicular bones of the middle ear. whose main function is impedance
transformation betueen tre air mecium in the outer ear and the fluid

medium of the cochlea. The cochlea is a slencer, fluid filled tube,

*Formants are the proninant spectral peaks in speech caused by
resonances in the vocal tract.
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divided into two chamcers by the casilar memorane. [t is actually
coilec like a snail she.l (remce its name), but is shown unrolled
for clarity in Figure 3. Tne vicraticns transmitted to the cochlear
fluid cause motion of the basilar membrane, and this motion is
censed by the auditcry nerve,

Von Bekesy [(l11] srowed that acoustic stimuli set up travelirg
waves on the basilar meabrane. The mechanical properties of the
membrane are analogous to those of a non-uniform transmission line:
waves of a given frequency travel along the membrane until they
reach the point resonan: at that frequency, and then are rapidly
attenuated. Displacement of the membrane is greatest at the point
of resonance. As a result, the response of the basilar membrane at
a specific point along its iength ie much like that of a relatively
broad bandpass filter. The banduidth of successive points is
roughly constant Q, so frequency resolution is best at low
frequencies and time resclution vest at high frequencies.

The auditory nerve terminates in hair cells along the length of
the basilar membrane. The exact mechanism of the mechanical to
neural conversion is not well understood, but Kiang [12] has shoun
that the firing rate ot each neuron is characterized by a response
curve similar to that of the basilar membrane. The frequency
unalysis of the basilar membrane is preserved in the auditory nerve.

The pattern of nerve firings available to higher centers of
hearing is thus a two dinensional, time/frequency representation of
the acoustic stimulus, similar to the short-time spectrum. The
cffective banduidth of the auditory system based on psychophysical

data is about 100 Hz for low frequency stimuli (100-350 Hz), and
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increaces to about 1000 Fz for S000 Hz stimuli (2,9]).

1.3 Contribution of Thie Research

This paper investigztes acoustic signal processing based on the
short-time spectrum. The short-time Fourier transform of the signal
is calculated as in 1.1, and the magnitude of the transformed signal
is modified in an approgpriate way. A new signal is then obtained
from the modified transfcrm using l.2.

This approach is suggested by time/frequency analysis in the
auditory system, and is appropriate for systems when 6Hubj%siiive
perception of the outpu? signal is the primary measure of
performance. The short-:ime Fourier transform is used to provice a
time/frequency representation because it is computationally
effecient. It does not rodel! auditory system processing in detail -
for example, frequency analysis 1in :he auditory system is roughly
constant (0, while the short-time Fourier transform is constant
bandwidth, However, tne simplifications inherent in use of this
transform do not unduly limit its effectiveness in predicting
perception for the experiments described here.

This approach makes use of spectrograms as an aid for system
design. The source of rerceptual problems can often be recognized
by looking at a spectrogram of the signal. For example, one can
make a fairly good visual separation of signal and background noise
in the spectrogram of a noisy recording shown in Chapter 3. The
regions of the spectrocram where noise is visually obvious are
generally those most ncticeable in listening. An algorithm which
selectively attenuates portions of the spectrogram dominated by

noise will reduce the noise perceived in the modified signal.
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Time’/frequency processing results in nonlinear, adaptive
cystems whose effect is determined by the local time and frequency
ctructure of the signal. These systems are inherently more flexible
than linear, time-invariant systems whose (esign must be based on
average or worst case signal characteristics. The disadvantage of
these systems is their mathematical complexity. Very few of the
systems investigated here can be analyzed in a concise and complete

-

Way e



FIGURE 1

Magnitude of the short-time Fourier transform using
short (10 msec) window. The picture represents 0.8 sec of
speech, 0 - 5000 Hz. It has been scaled 6 dB/oct above
400 Hz to improve the visibility of high frequency
components. The speech :s "open the crate."




FIGURE 2

ilagnitude of the short-time Fourier transform using
long (30 msec) window. The speech and other parameters are
the same as i1n Figure 1,
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FIGURE 3

Schematic drawing of the peripheral auditory system.



CHAPTER 2

THEORY

2.1 The Fourier Transform of Discrete Signals

The Fourier transform for discrete (sampled) signals is similar
to the Fourier series representation of periodic signals, with the
role of the time domain znd the frequency domain reversed. The time
domain signal is discrete, so the frequency domailn signal |is
periodic. The period of the Fourier transform 1is inversely
proportional to the samp.ing period - this causes the phenomenon of
frequency domain aliasing, where successive periods of the Fourier
transform overlap if the time signal is not sampled at a
sufficiently high rate [13).

I[f f(n) is a time sequence satisfying

32w 1f(n)] < w, (2.1)

the Fourier transform of f(n) and its inverse are

FIO) = T& o f(n)eexp(-iflyn), (2.2)

f(n) = 2r)VLT F)exp(ifin) dO . (2.3)

Q! and n are dimensionless. They are related to the radian frequency

and time by the sampling period T:

we (/T ; ta=nT, (2.4)
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It can be seen from 2.2 that F({}) has period 2Zn.
Transforming 2.2 and 2.3 leads to the following two equations,

which Wwill be useful later:

Sa = (2R 7 explii(n-1)] dQ}, (2.5)
2re5(0-0') = Ih.e expli(Q-Q/)n]. (2.6)

$. is the Kroniker delta and $(Q-0Q) is the (periodic) Dirac delta
“unction.

This brief review is sufficient for the development of the
short-time Fourier transform in this chapter. The properties of the
Fourier transform of discrete signals are discussed in detail in a

number of standard texts, such as References 13 and 1l4.

2.2 The Short-Time Fourier Transform
The discrete short-time Fourier transform of a sequence s(n) is

defined by

S(k,n) = S8, sir)emin-r).exp(-ilkr) (2.7)

0, = 2nk/N k = 0,1,e« N

vwhere m(n) is an aporopriately chosen window. S(k,n) is a two
dimensional, complex function of frequency (k) and time (n). It can
be interpreted as sanples of the Fourier transform of the portion of
the sequence s(n) seen through the sliding window m(n). The window
is of finite length, and is normally chosen as the unit sample
responce of a low pass filter. The discrete short-time spectrum is
the squared magnitude of S(k,n}.

Since the window m(n) is of finite length, 2.7 can be
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implemented efficiently using the Fast Fourier Transform algorithm
{1s8l.

The inverse to 2.7 can be chosen as [1]

s(n) = NIk S(k,n)-exp(i{dn). (2.8)

This inverse imposes a mild restriction on the window, which can be

seen by substituting 2.7 into 2.8.

8’(n) = INTRS exp(in)TR.o s(r)emin-r) exp (iQ.r) (2.8)

Since bath sums have a finite number cof bounded terms, the order of

summation can be reversec.

§'(n) = S8, s(r)emin=-r)am3is expliQ (n-r)l (2.10)
ININE exp(ifi 1) = 1 1=0, £N, 2N, .- (2.11)
= 0 otherwise

Now if the inverse transform is to result in the origiral signal,
the window must satisfy

min) =1 n=0 (2.12)
=0 neiN, £2N, o

but is otherwise arbitrary.

Notice that with the inverse defined by 2.8, only one point of
the time sequence is obtained from each time slice of S(k,n). This
is a desireable characteristic for the experiments discussed later,
in which S(k,n) is modified and 2.8 is used to obtain a new time
signal. Changes to S(k,r) at a given time will be reflected only in
the corresponding samples of the time signal.

The short-time transform is normally sampled less densely in
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time than the original signal, at a rate determined by the frequency
band occupied by the Fourier transform of the Wwircou. One might
therefore expect that intermediate samples of S{k,n) would have to
be obtained by interpolation prior to reconstruction of s(n). For
an N point signal and a K point transform desampled in time by a
factor L, this would require (N-N/L)K interpolations¥ and N
calculations using 2.8. Assuming that about 9 multiply and add
operations are required “or an interpolation, the time required for

reconstruction is

t, = [IN-N/L)-9K + K17 (2.13)

where T is the multiply and add time. The most distressing feature
of 2.13 is the fact that reconstruction time is proportional to the
frequency resolution of the short-time transform.

Portnoff (15) has developed a more efficient algorithm to
accomplish the interpolation and inverse transform which makes use
of the Fast Fourier Trarsfo-n algorithm. Portnoff's method, which
ie explained in detail 1 nce 15, reverses the order in which
the interpolation sum anc e sum required by 2.8 are performed.
This results in a sum which is similar to 2.8, but has the form of a
discrete Fourier transfcrm of S(K,n) in the K direction. A neu
array can therefore be obtained from S(k,n) using the Fast Fourier
Transform, and points in the time sequence are obtained by

interpolating selected c2ta in the transformed array. Only one

¥S(k,n) is complex, but due to real-even/imaginary-odd symmetry,
only K interpolations are needed for each time slice.
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interpolation is required for each intermediate point in the time
sequance. The Fast Fourier Transform requires a time proportional
to Kelog,(K)¥* to transforn a K point sequence [13]. The constant of
proportionality is typically about three times the multiply and add
time, so the time required for reconstruction using the Portnoff

method is

t, = [(N/L):3Kelog,(K) + (N-N/L).Q)7. (2.14)

For a given window shapa, K/L is a constant - scalirg the window
length changes the desampling ratio by the eame factor.
Reconstruction time therefore grows only as the logarithm of the
frequency resolution of S(k,n).

To appreciate the time savings afforded by Portnoff's method,
consider a case where K=S512 and L =54 (typical for some of the

experiments described later). Neglecting N/L with respect to N

t,  10K-N7 = §120.N7v,
t, ¥ (24:10g,(K) + 9)NT = 225.N7,

t./t, 2 23,

2.3 Filter Bank Analogy to the Short-Time Fourier Transform
Equations 2.7 and 2.8 can be interpreted in another way which
may provide additional insight concerning the short-time Fourier

transform. Consider the system shown in Figure 4. The N bandpase

*This assumes that K itc a power of 2, which was always the case in
the work described here. The Fast Fourier Transform will provide
significant time savings whenever K is highly composite [13].
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filtere BP,, BP,,+ BP,., have unit sample responses
b, {n) = m{n).axp(iln) K=0,1,+ N-1 (2.15)

vhere m(n) is the unit sample response of a low pass filter. The

filter outputs are therefore

U (n) = 3SR Exln-r):s(r) (2.16)
- 52 o min-r)es(r)iexplifl {n-r)l. (2.17)

The outputs are then multiplied by exp(-iQ},n), eo that all eignals
Wwill be low pass. Thie process is often referred to as complex

demodulation.

2. (n) = y,(n)exp(-if}n) (2.18)
= SP.o Mm(n=-r).s(r)-exp(-ir) (2.19)

Comparison of 2.19 and 2.7 shows that S(k,n) ie equivalent to the
demodulated output of a set of bandpass filters. Multiplication by
exp(-ifl,n) does not affect the magnitude, eo if we are only

interested in [S(k,n)| demodulation is not required.
IS(K,n) | = [ ()] = |z, (n)I (2.20)

Reconstruction of a time signal is accomplished by reintroducing the
center frequency of eacn filter and summing. [f the output is

scaled by 1/N

yin) = ININS zo(n)eexp(iQlin) (2.21)

w INZNS d(n), (2.22)

The eystem is the identity system and reproducee s(n) if m(n)
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catisfies 2.12, as before.
The equivalence of analysis with 2.7 and syntheeis with 2.8 to
bandpass filtering and summing will be helpful in understanding the
experiments discussed later, where the magnitude of S(k,n) is

modified prior to reconstruction of a time signal.

2.4 Modification of the Short-Time Fourier Transform

Chapters 3 through 6 discuss experiments which are based on
modifying the short-time Fourier transfornm. Three operations are
involved: multiplication of S(k,n) by a function G(k,n) (the local
Wiener filter or a threshold function), convolution of IS(K,n)| with
@ specified function, and convolution of logiS(k,n)l with a
specified function. In each case the resulting modified transform
is converted to a time signal using 2.8, and this new time signal is
reanalyzed - at least by the auditory system. It would be nice to
express the effect of each of these operations in a mathematically
concise way, and show how the second short-time transform is related
to the original. However, cnly multiplication is mathematically
tractible. Fortunately, the results for multiplication provide some
insight into the effect of the other operations. In particular,
these results show some limitations on the modifications which can
be accomplished.

Consider first multiplication of the the short-time transform
by a function of frequency only. This rep~esents the limiting case
vhere the spectrum of ths input signal changes very slowly. A new

time signal is reconstructed with 2.8.

8'(n) = uNZ¥4 Gik)-S(k,n).explifini (2.23)
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SNV r - Gk} em{n-r)ee(r).-explif), (n-r)) (2.264)

The order of the sums can be reversed, since both are finite and

bounded. HWe define a new. functicn

g(l) & UNT¥S S(K).exp(ifl 1) (2.25)

and in terms of g{(l}), 2.24 becomes

s'(n) = Y2 .o gln-rimin-ri.sir), {2.26)

Equation 2.26 is a convolution sum, so the original signal has in

effect be~-~ passed throuch a filter with unit sample response

h(n) = m(n).g(a). (2.27)

The frequency response cf this filter is the Fourier transform of

hin).
HIN) = T2.o min).gin)-exp(-ifin) (2.28)
= NI .a2es nin)G(k)-exp(-i(N-0)n) {2.28)
- INTVS 5K M{O-0,) (2.30)

Equation 2.30 shows that the intended modification is smoothed by
the Fourier transform of the window. The equivalent filter cannot
have detail finer than tne bandwidth of M(Q). This is a
manifestation of the tima-frequency urcertainty principle discussed
in the next section.

Equation 2.30 can be interpreted in terms of the filter bank
analogy of Figure 4. G(k) acts like a gain setting for each of the

N filters - the frequency response of the k™ filter, M(N-0.). is
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multiplied by G(k). The composite frequency response of the filter
bank is the sum of the N individual frequency responses.

Equation 2.25 shows that g(n) is periodic, with period N. The
unit sample response desired is the principal period of gin),
0 snsN-1. When the window is longer than N, 2.27 shows that
points from the second period of g(n) are included in h(n). Thise
will produce audible effects in the output signal which are most
pronounced when G(K) is not smooth. For this reason, the window
length should not exceed the number of frequency samples in S(k,n).
This restriction is not limited to multiplication, but applies
whenever S{k,n) is modified.

Next we construct the short-time transform of the modified

signal. It is convenient to use the filter bank analogy of Figure

4.
ye(n) = b, (nN)@s’(n) {2.31)
- B, (n)@h(N)®s(n) {2.32)
= g (n)@h(n) {(2.33)

where the symbol ® represents convolution. Equation 2.33 can be

written in terms of the short-time transform using 2.18.

S/(k,n) = IR o Sik,n-r)-hir).exp(-iflr) (2.34)

The short-time spectrum has been convolved in the time direction
with hin); the term exp(-iQ,r) compensates for the demodulation of
Sik,n). I G(k) and thus HI(Q)) are approximately constant over
frequency ranges comparable to the bandwidth of M(Q), synthesis and

reanalysis will be approximately an identity operation.
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S/(k,n) = G(K)-S(k,n) (2.35)

Next, consider multiplication of S(k,n) by a function of time

and frequency. In this case, 2.3l becomes a superpoeition sum

s'(n) = 32 gln-r,n)m(n-r).sir) (2.38)
where

gll,n) = UNSME GlK.n)eexp (il 1). 12.37)

Each sample of s’(n) is now computed from a news unit sample
response. The intended rodification G(k,n) is smoothed in frequency
by M(Q), as before.

Defining h(l,n) ag(l,n).m(n), the short-time transform of the

modified signal is
S'(K,n) = IR .o %0 min-r)h(r-x,r).s({x)-exp(-iQ.r). (2.38)

We cannot proceed as in 2.31 - 2.34 because of the time dependence
of h(l,n). The physical reason can be sean by considering the
filter bank analogy. Multiplication by G(k,n) is equivalent to a
time-varying gain for eazch filter. The output of each filter is
amplitude modulated, which broadens the signal spectrum ec that it
will not "fit" in the co-responding filter whern analyzed the second
time, However if h{(l,n), viewed as a function of n, is
approximately constant over the lengtn ot ihe window (i.e., the unit

eample response of the ecuivalent filter changes slowly)
m{n=-r)h(r-x,r) x mn(n-r).-hin-r,n).

Equation 2.38 then becomee
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S'(k,n) & SR o 0.0 Mmin-r)hir-x,n)es(x)exp(-ifr). (2.39)

Substituting | @ar-x and using 2.7

S'{k,n) = TP .o Sk, n=-1)n{1,n) exp(-if1). (2,40)

Equation 2.40 is the time dependent result analagous to 2.34.

In order for analysis and synthesis to be an approximate
identity, modifications to the short-time transform mnust change
slouly in time, comparad tc the window, and slowly in frequency,
compared to the Fourier transform of the window., This restriction
applies whether the modi*ications are produced by multiplication or
some other operation on the short-time transformn.

In the case uwhere the modified signal is reanalyzed the
auditory system, the irterpretation of 2.40 is slightly different.
S(k,n) and S'(k,n) represent signals in the auditory system, and not
the short-time transforn used to produce hi{l,n). Assuming that
h(l,n) represents the decired modification with sufficient accuracy,
it is only necessary that h{l,n) change slowly compared to the
effective auditory sys'em window for the modification 10 ka2
perceived correctly. The auditory system is relatively broad band
compared to the short-time transforms used fcr the experiments

described later, so ite effective window is shorter [(2].

2.5 Selection of a Windcu

Thhe short-time Fourier transform is really a family of
transforms, corresponding to all the possible window functions which
can be used in 2.7. Members of this family can be quite different,

as is showun by Figure 5. The same input speech was used for all
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three spectrograms. Figure S5(a) was made with a Fourier Wwindow of

length (2NT) 25.6 msec.

ma) =1  Ne<n<N (2.41)
=0 otheruise

Figure S5(b) was made with a raised cosine or hanning window of the

same length.

m(n) = .5 + ,S.cos(nn/N) -N «<n <N (2.42)
=0 otheruise
Figure S5(c) was made with a hanning window 12.8 msec long. The

differences in the appea-ance of the three spectrograms are due to
the shape and length of the window functions and their Fourier
transforms. It is obvious from Figure 5 tha” that the effect of a
process based on the short-time spectrum will depend on the window.
The short-time Fourier transform cannot have arbitrarily good
time and frequency resoclution. The time and frequency resolution
are determ.ned by the wirdow (see Appendix A} and are limited by the
well knoun Heisenberg uncertainty principle [16], which relates the
temporal extent of a function f(t) and the fregquency spread of its

Fourier transform F(u).

At = Jo (t=t)%1f(t)]? dt (2.43)
Lo 1f(t))1? dt
Alo = Jo (w=0o)IF (w) |* da (2.44)

LEF W do
AtAw 2 .5 (2.45)

When the des.red process must change rapidly in both frequency

and time, probably the best solution is to match the frequancy and
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time resolution of the window to the average reeclution of the
auditory system. In the experiments described here, the process
changes slowly compared to the temporal resolution of the ear. In
this case, the length of the window is based on the time that the
signal 1is approximately stationary, in order to best use the
time/ frequency resolutior available.

1f the window is much lomger than the stationary time of the
signal, the temporal extant of events is not well resolved and the
short-time epectrum begins to reprasent an average of sequential
cvents. 1 f the window is much shorter, the frequency resolution of
the short-time spectrum .s unnecessarily reduced. For signale such
as speech and music, the stationary time varies and the shape of the
window must be chosen to represent spectral features of interest
vell over a3 range of stationary times. The usual assumption for
cpeech is that the signal is stationary for about 20 msec. This
corresponds approximately to the length of the window used for
Figures S(a) and S(b).

The minimum uncertainty function which satisfies the e;qualitg
in 2.45 ie the gaussian. Landau and Pollock [17] have solved the
uncertainty problem under conditions more appropriate to the
discrete short-time Fourier transform. They show that the function
which vanishes for Jtl:>T/2 and has as much of its energy as
possible in the interval lul < is the zeroth prolate spheroidal
wave function, y,(t,0T/2). Many other finite length window
functions for spectral analysis have been investigated [18,19].
Each solves the problems «f spectral resolution and computational

efficiency in a slightly different way. Most of these functions are
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enooth.

A hanning window was used for all the experiments described in
this paper. This windou wWas easy to implement and provided adequate
time and frequency resolution. It is likely that some improvement
could be made in each exjeriment by optimizing the window shape for
the neede of the particular prccess. Houever, informal tests using
other window ¢ 3pes indicate tnat, so long as the window is smooth,
the experimental results will not change significantly.

Equation 2.12 places no restrictions on windou length, so long
as the window has appropriate zeros. For processes which modify the
chort-time spectrum, the window length cannot be greater than the
number of frequency samples in S(k,n), as was shown in the last

section,

2.6 Information in the FMagnituce anu Phase

of the Short-time Fcurier Transform

The remaining chepters describe processes which alter the
magnitude of S(k,n) but leave the phase unchanged. An experiment
was performed to determine hou information in speech is divided
betueen the magnitude and phase, and indicate limitations inherent
in processing the magnitude only.

The short-time trarsrorm of a typical sample of speech was
calculated using a 25.6 msec hanning window. Two new signals wers
then synthesized from tnis data using 2.8. The first used the
original phase and flat magnitude. The second used the original
magnitude and a random phaes function. The resulting signals are

shown in Figure 8. The magnitude of their short-time transforms are
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shown in Figure 7.

The flat magnituce, original phase signal containe mostly
excitation information. One can tell whether the speech is voiced
or unvoiced and determine the pitch, but the speech is otheruise
unintelligible. Pitch pulses can be seen in the waveform of Figure
B(b), and harmonic structure is evident in the spectrogram of Figure
7(b). The inability of magnitude flattening to eliminate pitch
structure is to be expected because of the fregquency smoothing
discugsed in the last section. The intended modification,
(IS(k,n)I]"*, is smoothed by the Fourier transform of the window as
in 2.30, and fine detail - primarily har~monic structure due to pitch
- is averaged out. It is apparent from Figure 7(b) that smoothing
has also occurred in the time direction. This is due to the finite
time resolution of the window wused to calculate the original
chort-time transform.

The orig.~3! magnitude, ran.. hase signal contains mostly
vocal tract information. The spr=ech is quite intelligible, but
sounds whispered. This is evident from the noise-like structure of
the waveform in Figure 6(c), and tne lack of harmonic structure in
Figure 7(c).

These results are ccnsistent with comments by Flanagan [B], who
notes that in a narrow band implementation of the Phase Vocoder the
phase signal is primari_y excitation and the magnitude signal \is

primarily vocal tract information.
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FIGURE 4

Filter bank analogy to the short-time Fourier transform. The
signals z,(n) are equivalent to S(k,n).



{a)

{(b)
(c)
FIGURE 5
effect of the window on the short -t ime Fourier
transform: (a) 25.6t msec Fourier window. (b) 25.6 msec
hanning window, {c) 12.8 msec hanning window. Each

spectrogram represents one secont of speech, 0 - 5,000 Hz.
All three have heen scaled by 6 db/oct above 400 Hz. The
speech 1s "man’'s pramary."



(a)

(v) (e)

FIGURE 6

Si1gnals reconstructed from the magnitude and phase of
the short-time Fourier transform: (a) original speech, (b)
flat magnitude, original phase reconstruction, (¢) original
magnitude, random phase reconstruction. The waveforms are
one second long.



(c)

FIGURE 7

Spectrograms of si1gnals reconstructed from the
maznitude and phase of the short-time Fourier transform: (a)
original speech, (b) flat maenitude, original phase
reconstruction, (c) orizinal magnlitude, random phase
reconstruction, The spectrograms 1n (a) and (c¢) have been
scaled 6 dB/oct above 400 Hz.



CHAPTER 3
REMOVAL OF BROAD BAND BACKGROUNO NOISE

3.1 Local Wiener Filtering

The separation of a signal from additive random noise is a
common problem in acoustic signal processing. The optimum linear
cystem for performing such a separation, based on a mean square
orror criterion, was obtained by Wiener {20). Given the signal plus
noise, the signal is estimated with a linear combination of the

data¥.

x(t) = s(t) + n(t) (3.1)

estis(t)} = S2.o hit,r)ex(r) (3.2)

l1f the signal and the noise are stationary, h(t,r) depends only on

the time difference 7= t-r.
estis(t)) = T2.o hit-r)«x(r) {(3.3)
The function h(r) is chosen to minimize the mean square error
Ells(t) - I2.o x(t-r):n(r}|’l = minimum (3.4)

wherc E is the expected value operator. Setting the variation of

3.4 to zero

¥The discrete time index t is used in lieu of n in this chapter to
avoid confusion with the noise signal.
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SIElIs{t) - TP.e x(t-r)en(r)i?l}] = 0 (3.5)
E{ls(t) - 32., x{t-r)-h(r)lex(t-1}.8n(1) =0 (3.6)

we get, since the variation is arbitrary
Rex (1) = SP.o xll-ri-hir) = 0. (3.7)

Rex(1) is the cross cor-elation Efs(t).x(t-1)}, and Rw(l) is the

autocorrelation E{x(t).x(t-1)}. Taking the Fourier transform of 3.7

Hiw) = Oglw) /by la). (3.8)

Og.(w) is the cross spectrum of s(t) and x(t), defined as the
Fourier transform of Rgx, and On{w) is the spectrum of x(t). If

the signal and noise are uncorrelated, Rex = Rss and

Rux = Rgg + Ruw» €0 3.8 becones

H(w) = Oss(u) . (3.9)
¢ss((¢-\) + 0,",((.\)

Equation 2.9 assumes that the signal ie stationary, and does not
apply to signals such as speech and music. However, we might
envision a running determination of 2.9, based on a local section of

the signal which is apprcximately stationary.

Hio,t) = g (1, 1) (3.10)
O“('A.t) + G>N,,(u)

A filtering process based on 3.10 can be implemented conveniently
using the short-time Fou-ier transform. The local spectrum of the
signal plus noise can be estimated by time averaging the squared

magnitude of the short-time transform
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Oue (Ko t) & (20-1)'FE. (X (K. tel)|? (2.11)

where L is determined by the approximate stationary time of the
signal. The noise spectrum car be estimated in the same manner
during a period when there is no signal. The noise spectrum
estimate will normally have smaller variarze than the local spectrum
ostimate because the noise is stationary a'd the estimating time can
Le quite large. Using tiese estimates anc assuming that the signal
&nd the noise are uncorrelated, a local Kiener filter is obtained.

Hik,t) = &,.(k,t) - Q.. () 0. > O, (3.12a)
Cn ik, t]

Hik,t) « (0 Ouw S Q. (3.12b)

The restriction to positive values is required because O,, and Qi
are estimated spectra with finite variance.

This process was used to reduce the surface noise on a 1907
recording by Enrico Caruso. The specirum of the surface noise was
estimated from silent grooves at the beginning and end of the
record., Observation of portions of the short-time spectrum which
are dominated by noise showed that the nroise is stationary
throughout the recording, Figure 7 shows the estirated noise
cpectrum. The average spectrum of the entire recording is also
shoun for comparison.

The local spectrun of the noisy signal was estimated as in
3.11. A 25.6 msec hanning window +Has used for the short-time
Fourier transform. The averaging time (2L+1) was 100 msec. This
time is somewhat longer than the staticnary time suggeested by the

singing, but was the minimum necessary to obtain a local spectrum
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cetimate with acceptable variance. The short-time transform was

multiplied by H(k,t) from 3.12, and a new signal constructed from

2.8,
X' (K, t) = H(K, t):X(k,t) (3.13)
»(t) = TS XKk, ) euxp (il t) (3.14)
Spectrograms of a oourtion of the original and processed signal
are shown in Figure 8. The rapidly varying component of the

epectrograme is the singing: the relatively constant harmonic
ctructure below ~1500 H: is the orchestra.

As is apparent in Figure 8(t), the process greatly reduces the
surface noise. Careful listening shows no change in the singing
voice. The variance of the local spectrum estimate, however, allows
narrow bands of noise to be audible, even though they have been
greatly attenuated. Th.s effect is quite noticeable in passages
vihere the signal is quiet or relatively narrouw band, so that the
remaining background noise is nct masked. It is more noticeable
than white noise at the same level because the noise spectrum is

narrow and changes quite rapidly.

3.2 Thresholding

Figure 7 showus that the overall signal to noise ratio for the
original recording is about 24 dB. The local signal to noise ratio
in IX(k,t)|* is often better, because the signal is concentrated in
frequency and time, while the noise is relatively smooth. The
regions of [X(k,t}|? can <herefore be separated from those dominated

by noise by a thresholdirg operation.
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The thresholding 3algorithm was wcesigned to ensure tnat
bbackground noise was attenuated uniformly and to avoid artifacts in
the singing such as sucden starts and stops. Two reference levels
uwere used -~ a lower level 3 dB above the noise spectrum and an upper
level 12 dB above noise. Whan [IX(k,t)|1? exceeded the upper
threshold, it was left unattenuated (both in the time direction and
the frequency direction) until it passed below the lower threshold;
otherwise, IX(k,t)|? was attenuated by 24 dB. The effect can be
visualized in terms of a contour map of [X(k,t)|% [f a peak in
IX{k,t)|* is higher than the contour corresponding to the upper
thresrold, all portions of the peak down to the contour
corresponding to the lo.er threshold are left unchanged. Other
regions of the contour mep are attenuated. This description must be
modified in one respect: to keeo computer memory requirements small,
the algorithm could look backward in time only S50 msec.
A spectrogram of the resulting signal is showm in Figure 8(c).
The thresholding algorithm performed better than the local MWiener
filter in that backgrourd noise was completely eliminated. Again
there was no noticeable change in the singing voice. The only
apparent degradation was in the sound of the accompanying orchestra,
which was somewhat thin in places because orchestral harmonics

remain too near the level of the noise, and are attenuated.
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FIGURE 8
Spectrum estimate for Caruso recording: (a) 1024 point
noise spectrum estimate, (b) 128 point estimate actually
used for processing, (c) 1024 point estimate of average

spectrum of entire recording,

estimate.

(d)

126 point average spectrum



(b)
(c)
FIGURE 9
background noise removal: (a) original recording, (b)
processed by local Wiener filtering, (c) ©ocrocessed by
thresholding. All three spectrograms have bLeen scaled

6 dB/oct above 400 Hz.




CHAPTER 4

ISOLATION OF PERCEPTUALLY IMPORTANT SPEECH FEATURES

There is consideratle eviderce that certain features of the
short-time spectrum are important to perception. Flanagan [2)
describes examples of the importance of pitch changes, formant
frequencies and banduwidths, and voiced-unvoiced changes. All of
these are evident in the short-time spectrum. Liberman's work [S]
in synthesizing speech from spectrograms is also an illustrative
example: he shows, for example, that in plosive consonants such as
p, t, and K, the direction of the formant transition folliowing the
noise burst often determines which consonant is pzrceived.

Experiments were conducted to attempt to isolate selected
speech features in logl5(k,n)|, and determine which regions were
most important to perception. Three features were selected as
typical - pitch, formants, and plosive noise bursts. The logarithm
Wwas taken to model the approximate logarithmic sensitivity of the
auditory system. In addition, it was desired to isolate these
features by two dimensicnal filtering. Bandpass filtering of the
magnitude or squared magnitude of S{k,n) produces functions which
are not everywhere positive, and this limits its application to
speech processing.

A 25.6 msec hanniny window was used for calculation of the

ehort-time Fourier transform. The window was augmented with zeros
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to twice this length to increase frequency direction sampling of
S(k,n) and minimize aliasing in 1loglS(k,n)l. The normal time
sampling of S(k,n) for this window (sampling period 3.2 msec) was
sufficiently conservative to limit time direction aliasing ot
logiS(k,n)I. The two dimensional filters used were zero phase wWith
flat passhbands. Half cosine transition regions were used to
minimize ringing effects.

The resuits of these experiments are summarized in Figure 10,
which shows the approximate regions of the Fourier transform of
logiS{k,n)| occupied by pitch information, formant information, and
plosive information. The distinction between steady state formants
and formant transitions in Figure 10 is somewhat arbitrary. This
reflects the fact that there are few sections of speech which are
clearly steady state. One should keep in mind that only the low
frequency component of the speech features represented in Figure 10
is accessible to processing based on the magnitude only, because of
the smoothing effect discussed in Chapter 2.

The regions shown ir Figure 10 generally represent male speech.
For female speech, the pitch period sometimes decreases below 3.0
msec so the lquer boundary for pitch features extends into the
formant region,

Figures 11 and 1z show speech features obtained by two
dimensional filtering of logiS(k,n)l. These features were obtained
by multiplying the Fourier transform of logiS(k,n)| by a filter
corresponding to the aopropriate region in Figure 10, inverse
transforming, and exponentiating. Each of the pictures has been

scaled to use the full dynamic range of the film, so the figures do
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not indicate the amplitude of the features relative to the original
speech. T~e pitch, formants, and plosives have much lower dynamic
range trhan the original speach. Most of the dynamic range of the
original is in the low frequency area of Figure 10. This is shown
in Figure 12(c), which shows the features obtained by high pass
filtering with 2ero low frequency g@gain and transitions at
f.= .5 meec, f,=25 Hz.

An interesting feature of these results is that the slowuwly
changing component of loglS{k,n)| seems to be of lesser importance
to perception. This is supported by characteristics of the auditory
system, The signal i~ the auditory nerve exhibits '"“temporal
adaptation" [(10,12) - that is, the auditory system adapts cuite
rapidly (a few tens cf milliseconds) to changes in stimulus
intensity This removes the slowly changing temporal component and
reduces the dynamic range of the neural signal. The auditory system
also exhibite "two-tone inhibition" (3,211 - the threshold for
hearing a test tone is increased by nearby tones, This may
attenuate the component of the signal in the auditory system which
changes slowly with fregquency, similar to lateral inhibition in the
visual system [22]. It is interesting to note that effects which
attenuate the slowly changing component in a signal can be modeled
mathematically by high pass filtering the logarithm of the signal
magnitude (23], as was dcne in Figure 12(c).

This discussion suggests that a signal synthesized from Figure
12(c} should have louw dynamic range but still be highly
intelligible, and this is in fact the case. Speech processed to

attenuate the loWw frequency component of the short-time spectrum
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might therefore be more intelligible than normal speech in a nolisy
environment. I[nformal listening :ests and the results of the next

chapter support this notion.
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FIGURE 10

Areas of the Fourier transform of loglS(k,n)| occupied by
speech features: F reprecents formants, P pitch, and N plosive noise
bursts. The dotted line represents an approximate division between
steady state formants anc formant transitions.
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(a)
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FIGURE 11

Speech features obtained by two dimensional filterine
of loglS(k,n)|: (a) original speech, (b) piteh, (c)

formants. Each picture represents 1.6 seconds of speech,
and has been scaled to use the entire dynamic range of the
film. The speech 1s "the pipe began to rust.," The

spectroeram 1n (a) has been scaled 6 dB/oct above 400 Hz.
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FIGURE 12
Speech features obtained by two dimensional filtering
of loglS(k,n)l: (a) formants, (b) »plosives, (¢) slowly
varying cowupsonent removed. Figure (a) was obtaiaed from

Figure 11(c) by clipping below 10% of the maximum value to
remove small background teatures.
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CHAPTER S5

TWO OIMENSIONAL COMPRESSION AND EXPANSION

5.1 Review of Homomorphic Compression anc Expansion

Oppenheim et al (23] investigated a homomorphic system for
compression and expansion of acoustic signals. The system is based
on modeling audio signals as a product of tWo components - a slouly
varying, positive envelore signal e(n) and a rapidly varying bipclar

signal vin).

s{n) = eln).v(n) (5.1)

These multiplied signals can be mapped into added signals by the

logarithm.

logls(n)] = lcgle(n)] + loglvin)i + ilv(n) (5.2)

The imaginary part Lv(n) is either O or &, and represents the sign
of s(n). 1f the frequency bands occupied by logle(n)| and loglv(n)|
do not overlap, these signals can be separated by linear filtering.
Although this will not be the case for intuitive definitions of e(n)
and vi{n), Reference 23 provides evidence that the component of
logle(n)| below about 16 Hz should be treated as logle(n)i.

A multiplicative filter to compress or expand s{n) can be
obtained using this model. The logarithm is computed as in 5.2, and

the real part is filtered so that logle(n)] is multiplied by a
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constant p, while logivi(n)l is paseed unchanged. The resulting

signal
s’(n) = e’(n).v(n) (5.3)

is compressed or expanded as p is less or greater than unity. A
block diagram of this system is shown in Figure 13. H(¢) is a
filter with gain p below 16 Hz and unity gain at higher frequencies.

Figure 14 is a compression-expansion system for transmission
through a noisy channel. The blocks labelled “compress" and
"expand" are homomorphic systems like that shown in Figure 13. The
linear filter used for expansion is the inverse of the filter used
for compression. The block "T" represents the effect of channel
noise; i.e., audio tape riss or quantization noise.

The final output of the system, s’/(n), is precisely equal to
the input s(n) only in the case where T is the identity system.
Small anounts of additive noise, however, do not significantly
distort the output. Compression and expansion of the signal makes
the signal to noise ratio more uniform over time, and improves
performance over that obtained with transmission of the uncompressed

gignal,

5.2 Tuwo Dimensional Compression and Expansion

In situations where perception of the output signal s
important, the performance of the system of Figure 14 may not always
be optimum. In speech ard music, there are often occasions when the
overall signal‘level is high, but most of the signal energy is

concentrated in a relatively small band of frequencies. In such
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instances noise at other frequencies may be audible since it is not
masKed by the input signel.

A compression-expansion system uwhich operates in the
time/frequency domain would alleviate this problem by compressing
frequency bands more or less independently. Such a sysiem would
have the effect cf pre-uhitening the input signal, which |is
desireable on a more thecretical basis [18,24].

A two dimensional compression-expansion system can be obtained
following the one dimensional homomorphic analysis. The short-time

Fourier transform is modeled as a product

S(k,n) = E(k,r):V(k,n) (5.4)

where E(k,n) is slowly changing and positive and V(k,n) is rapidly
changing and complex. This model has successfully been used as the
basis of several speech analysis-synthesis systems (vocoders), and
has some physical basies (7], [t leads to the two dimensional
multiplicative filter shown in Figure 15, which compresses S(k,n)
vihen H(f,,f,) has low frequency gain less than one. A
comprescion-expansion system for the time waveform s(n) can now be
constructed by adding the necessary trancsforms betueen the time
signal and S{k,n). The resul ting two dimensional
compression-expansion system is shown in Figure 16. (In Figure 16,
STFT represents the short-time Fourier transform, 2.7, and N3
represents the reconstruction equation, 2.8.)

The system of Figure 16 is similar to that of Figure 14, but a
new theoretical problem exists. Figure 16 is not the identity

system, even in the case of a noiseless channel. Synthesis of a
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time signal from S’(k,n) followed by reanalysis to produce S/ (k,n)
is not in general an identity operation. However, as discussed in
Chapter 2, S’(k,n) will be approximately equal to S’(k,n) so long
as changes to S(k,n) vary slowly in time (compared to the window),
and in frequency (compared to the Fourier transform of the window).
This means that the compression and expansion filters, H(f., f.) and
H4(f., f.), can differ from unity only in the low frequency region.
This is consistent with the aim of compression and expansion, and
accurate reproduction of loglS/(k,n)| proved not to be a problem in
this experiment. The dyramic range of S(k,n) could be compresed 4:1
and reexpanded with an accuracy of 0.3% or better. The worst errors
occurred during rapid transients, as would be expected. This
accuracy is comparable to that obtained for 4:1 compression and

oxpansion with a homomorphic system like that in Figure 14,

5.3 Comparison of Two Dimensional and Homorphic Compression

The two dimensional system of Figure 16 will not in general
lead to the same compressed signal envelope as the homomorphic
eystem of Figure 14, The reason can be understood with the help of
a simplified example. Consider a signal which initially has a flat
spectrum (e.g., white noise), and assume that at some later time the
high frequency half of tre signal spectrum has increased by a factor
b. We compute the ratio of the final power of the compressed signal
to ite initial power, anc compare the ratio for the tuwo systems.

Assuming that the initial and final signals are locally
stationary, the power can be estimated from the square of the

signal. In the homomorpric case:
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P, ~ Sha leP(jlev(j+l) 12 = e St IVO+DE, (5.5)
R, = P/P, = les/ed)’, (5.6)
R, = (1/2 + b/2)", (5.7)

&

Equation 5.7 was obtained using Parseval's theorem and the Knouwn

signal spectrum. In the tuwo dimensional case:

P, ~ Sty Is(j+l) I (5.8)
~ Tho 12050 EP (K, j)+V (K, j+1)eexp [i0 (j+ 1T 1%, (5.9)
~ ShOTNE IER (K, )V K, jEKD I (5.10)
P, ~» N4 IEHK, P+ 2ha IV {k, j+K) 1% (5.11)

The absolute square can be taken inside the sum in 5.10 because
EP(K, j)+V(K, j)-exp (i j) are approximately nonoverlapping band pass
signals, and therefore the cross products in 5.9 sum to zero when
time averaged. Assuming that the time average behavior of Vik,n) is

the same for all k, we obtain the desired ratio.

R, = Pe/P, = (245 B2k, ) IP) /(38 1IEH K, 1) IM) (5.12)

R, = 1/2 + b*/2 (5.13)

Figure 17 is a plot of the ratio R,/R, for the example just
described, and for the case uhere 1/4 of the spectrum increases.
The curves were obtained with p=0.25, but are not 2 sensitive
function of p. They show what might be expected on a physical
basis: the twWo dimensional system compresses the signal more uhen
the energy is concentrated in a norrow freguency band. This effect

was observed experimental ly.
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5.4 Experimental Results

Two experiments were performed with the two dimensional system
of Figure 16. The experiments were intended to simulate
transmission of speech through a2n analog and a digital channel. In
both ._ases, the results were judged by comparison with a similar
homomorphic system.

A 20.0 msec hanning windcw wWas used for the short-time Fourier
transform to provide maximum freguency resoluticn consistent wWith
time direction compression below about 16 .. [he linear filter in
the compressor had a unit sample response equivalent to the

continuous function

hik,n} = ${k,r) = 0.75u(k,n" (5.14)
Wwik,n) = A-{.5+.S.cos{nk/35. '):[.5+.5.cos(nn/,04)) (5.15)

-.06 <n< .04 ; -390. < k < 390.

where t is in seconds and K is in Hz. A is a normalizing factor sc
that the area under wik,n) is unity. This resulted in a high pass
filter with transitions at about f,=13 Hz, f,=1.5 msec, and a
low frequency gain of C.25. The inpulse response was specified
rather than the frequenc. response beca.ise a smooth impulse response
vas essential to accurate expansion. The filter in the homomorphic

system used for compariscn was

hin) = §(n) - 0,75:B-[.S+.5.cos(rn/.04)] (5.16)

vwhere B is agair. a normalizing factor.
An analog channel was simulated by adding gaussian distributed

white noise to the compressed speech, s’(n), at levels from -36 dB
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to -12 dB. The level of the noise was referenced to the peak
compressed signal energy determined by averaging the squared signal
with a 50 msec hanning window. The peak pouer occurred at the same
place (during a vowel sound) for both homomorphic and two
imensional compression, and the peak power criterion did not appear
to bias the results in favor of either method. Figures 18 and 19
show the compressed speech 8'(n), compressed speech plus noise
e’’{n), and the expanded output speech s’/(n) for the homomorphic
system (Figure 14) and the two dimensional system (Figure 16).
Figure 20 shows a comparison of the output speech for the tuwo
systems and an example where no compression was used. Figure 21
chows spectrograms of the output, (The noise above 4000 Hz in
Figure 21(b) was removed hy the anti-imaging filter on playback.)
All four figures are for a channel signal to noise ratio of 12 dB.

The two dimensional system provided 18 dB improvement over the
homomorphic system. Noise was first audible in the output of the
two dimensional system at a channel signal to noise ratio of 12 dB,
compared to 30 dB for the homomorphic system. Some of the
improvement can be attributed to the removal of the natural high
frequency rolloff of speech by compression of S(k,n), as evidenced
in Figure 2l1. However, flattening the average speech spectrum by
preemphasis at 6 dB/oct above 400 Hz prior to compression and
complementary deemphasis of the output signal improved the
per formance of the homomcrphic system by only ~3 dB.

A digital charnel uas simulated by quantizing the compressed
signal to a small number of bits (3-8). The quantizer is shown in

Figure 22. Since envelope distortion caused by clipping is
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particularly noticeable in both - =:tems, the compressed speech was
scaled so that the peak signa. ..5 equal to 2"', where n is the
number of bits. A dithe~ing signal was added prior to quantization
and subtracted afterward to break up the correlation between the
quantization noise and the signal ([25,26]. The dithering signal
used was uniformly distributed pseudorandom noise, with peak
magnitude equal to 1/2 gquantization level and zero mean.

The results of this experiment are consistent with the analog
channel simulation. The two dimensional system provided a three bit
improvement over the homcmorphic system. Noise was first audible in
the output of th2 two dimensional system with four bit channel
gquantization, compared tc seven bit guantization for the homomorphic
system. For comparison, quantization noise was first audible in the
uncompressed signal at nins Dbit quantization. (Fifteen bit
quantization was used for the input and output speech.) The apparent
loss of 6 dB signal to noise ratio compared to the analog
experiment, based on the "6 dB per bit" rule of thumb, is due to the
difference in criteria fcr scaling the compressed signal.

The waveforms for three bit quantization of the channel signal

are nearly indistinguishzble from Figures 18 - 21. The same is true

of listening tests.
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Homomorphic filter for compression or expansion of acoustic
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Two dimensional homcmorphic filter for compression or expansion
of IS(k,n)l.
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FIGURE 17

Comparison of homomcrphic and two dimensional compression. The
curves show the ratio of two dimensional compression to homomorphic
compression, FR,/R,, as a function of the change in a portion of the
spectrum of the input signal, b. The two curves represent changes
in 1/2 and 174 of the spectrum, as labelled.
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FIGURE 138

Compression and expansion of speech using a homomorphic
system: (a) original speech, (b) compressed speech, (c)
compressed speech with noisc ~dded, (d) expanded output
speech. tLach picture represents one second of speech.
Channel signal to noise ratio 1s 12 d3.
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(c) (d)

FIGURE 16§

Compression and expansion of sreech usine a two
dimensional system: (a) 1nput speech, (b) compressed speech,
(c) compressed speech with noise added, (d) expanded output
speech. Each pircture represents one second of speech.
Channel siecnal to noise ratio 1s 12 dB,
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FIGURE 20

Comparison of output speech for homomorphic and two
dimensional systenmns: (a) Lnput speech, (b) no compression,
(¢c) homonorphic system, (d) two dimensional system. Each
picture represents one second of speech. Channel sicnal to
noi1se rati1o 1s 12 dB,.



(2)

(

(c)

Spectrorrams
dirensional
systen,

ratio 12

t

db/oct

b)

du.
ahove

All
4oe

FIGURE 21

of cutrput
systems:
(c) two dimensional

(a)

three

Mo,

speech for homomorphizc and two
1nput speech, (b) homomorphic
system. Channel si1ienal to noise
spectroerams have been scaled



out

58

FIGURE 22

Quantizer used for digital channel

gquantization is shoun.

simualtion.

Three bit



CHAPTER 6

REMOVAL OF LOCALLY PERIODIC INTERFERING SIGNALS

6.1 Removal by Spectrum Estimation

Cases arise where speech intellligibility is degraded by locally
periodic signals. Electrical interference in communications
channels is sometimes oeriodic wWith many harmonics. Aircraft
cockplt noise often has a large periodic component due to engine
noise. The precise fundamental frequency and harmonic structure of
these signals is typically hard to predict, and the signals change
from time to time. Electrical interference may be intermittant or
fade, and cockpit noise changes .:ith engine speed. For times of the
order of seconds, however, these signais appear periodic.

The short-time spectrum of periodic signals is characterized by
charply defined harmonic structure. An adaptive filter which
selectively attenuates such features can be obtained using a
technique similar to that developed by Stockham at al. [(27) for
blind deconvolution, in which the actual spectrum of the noisy
signal 1is replaced with a prototype spectrum obtained from
undegraded speech. The advantage of this approach is that precise
knowledge of the frequency and harmonic structure of thz interfering
signal is not required.

The local spectrum of the degraded speech can be estimated by

time averaging the short-time spectrum
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O(k,n) = (2L+1)t3h, ISk, n+D) |2 (6.1)

vhere the length of the time average is determined by the stationary
time of the interfering signal. The estimated spectrum in 6.1 will
have two components, ore due to the interfering signal and another
due to the local average speech spectrum. [f the averaging time is
long enough, the local zverage speech spectrum can be approximated
by a prototype computed from similar undegraded speech. Portions of
the local spectrum which are dominated by noise can then be restored

by multiplying the short-time Fourier transform by

H(k,n) = [P(kK)/®(K,n)]¥2 (6.2)

where P{(k) is the prototipe spectrum.

Equation 6.2 is the square root of the Wiener filter which
viould be obtained if we modeled speech as a stationary random
process, uncorrelated with the interfering signal. It might
therefore be expected that 6.2 will not adequately attenuate
frequencies dominated by the interferance. This is also to be
expected because 6.2 only restores the magnitude of the short-time
transform, and portions of the transform which were dominated by
rnoise will still sound like noise due to the phase. However,
squaring 6.2 may not be advisable, because this will emphasize
distortions caused by the fact that P(k) is not precisely the local

average speech spectrum. Equation 6.2 is therefore replaced with

H(k,n) = (P(k)/®(k,n)]"” (6.3)

where p is between 0.5 and 1. 1t was found experimentally that for
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averaging times of the order of a second p=0.75 represents a good
compromise between noise reduction and distortion of the underlying

speech,

6.2 Removal by Two Dimensional Filtering

The short-time spectrum can alternately be restored by two
dimensional filtering of logliS(k,n}l?l. This approach does not
require a prototype speech spectrum, and so may be useful when the
ctationary time of the irterfering signal is relatively short.

This approach is based on the fact that low pass filtering of
logfIS{k,n)I?} ir the time direction is equivalent to estimating
log (®(k,n)} by a weighted time average of log(iS(k,n)|?. Spectrum
cstimates based on time averages of the logarithm of the local
spectrum are biaszd toward stationary spectral components (271. In
the present arplicatior, this bias is an advantage since it
emphasizes the spectrum cf the interfering signal.

Time direction low pass filtering attenuates all points in the
(two dimensional) frequercy domain except those which are on or near
the f, axis. 1f the interfering signal has appreciable harmonic
structure, features in <he Fourier transform of log!IS(k,n)|?} due
to the interfering signal lie mainly veyond |f., =7, where T is the
period of the interfering signal. Features for |f,l<7¥ are
primarily due to the local speech spectrun. The spectrum of the
interfering signal can therefore be estimated with a filter Lif,, fu)
uwhich isolates compcnents near the f, axis for [fu> 7. Such a
filter is shown in Figure 23. This filter can be implemented quite
officiently, since its frequency response (3and impulse response) are

separable.
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The magnitude of the short-time spectrum can be restored by

tiltering loglIS(k,n) I} with

H(f',‘f.) - 1 ™ p'L(f“. f.)o (604)

Lhere D is a number betueen 0.5 and 1 analogous to the pouer in 6.3.

6.3 Experimental Resul:te

To evaluate the processes discussed above, a test signal was
constructed by adding an assymetric square wave (positive signal 1.5
times as long as negative signal) to speech. The frequency of the
square wave Was changed from time to time. The approximate signal
to noise ratio was -26 dE, and the speech was unintelligible.

The short-time Fourier trarsform of the degraded speech Was
calculated with a 102.4 msec hanning wirndow. A longer windowW (~200
mweec) would have better resolved the interfering signal, but the
length of the window was limited by conputer memory requirements in
the implementation of thz short-time transform usea here. 1S{Kk, n) |
4as modified using 8.3 uith p=0.75, and an averaging time of one
second for &lk,n). The prototype was obtained from a different
speaker.

The time waveform and a spectrogram of the degraded and
restored signals are shoun in Figure 25. The interfering signal is
greatly attenuat:d, excej' near places where the frequency of the
interfering signal changas. The resulting speech is intelligible,
and is sufficiently natural that the speaker is recognizable.

IS(k,n)| was also restorec by filtering logilS(k,n)I*} as in

.6, with p=0.75 and a cutoff freyuency f,=0.5 Hz. In this case
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the noise was almost entirely removed, except near frequency
changes, and the resulting speech was gquite intelligible. The
speech was more natural and less noisy than that obtained by
spectrum averaging. The processed signal is shown in Figure 25.

Filtering of logliS(k,n)I*} was also applied to removal of
electrical interference from several tape recorded signals obtainec
in more realistic circumstances. The interfering signals were
almost completely removed in each case. However, the
intelligibility of the processed speech was sometimes poor due to
other distortions, such as resonances in the recording system and

tape saturation.
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FIGURE 23

Frequency response of filter for removal of periodic
interfering signals., The origin 13 at the center. The
passbands are along the fy axis for f; >7. (The picture is
not to scale.)

FIGURE 24

Original (undegraded) speech wused 1in experiment on
removal of locally periosdic interference shown in Firsure 25,
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(a)

(b)

(c)

FIGURE 25

Removal of locally periodic 1nterference: (a) speech
degraded with square wave noise, (b) restored by spectrum

averaging (c) restored by two dimensional filtering. All
three spectrograms have been scaled 6 db/oct above 400 Hz.



CHAPTER 7

CONCLUSIONS

The experiments described here indicate that acoustic signal
processing in the time/frequency domain can offer significant
advantages over conventional one dimensional methods, particularly
when perception is the final measure of system performance. These
advantages are gained at the expense of computational complexity,
but the computing hardware exists (e.g., fast array orocessors) to
make time/frequency processing practical when the problem merits.
The chief disadvantage of time/frequency processing is the paucity
of concise mathematical results describing the effect of such
processing.

All of the experiments described here wWere based on the
magnitude of the short-time Fourier transform. Phase information
was used only to reconstruct a time signal. In at least two cases,
the results might be improved using phase information.

Removal of broad band background noise by thresholding as
described in Chapter 3 attenuates signal harmonics when their
magnitude remains too near the noise level. It is possible that
these harmonics could be detected in the phase. Consider (S(K,n) as
a function of time. Noise will have phase randomly distributed
between -n and n, while coherent signals such as harmonice will have

nearly linear phase. The phase time derivitive, therefore, should
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have appreciable high frequency components only when the ehort-time
transform is locally dominated by noise. Techniques for detection
of FM signals in noise might even be applied to separate out the
component of the phase due to the signal and reject that due to
nolise.

Locally periodic interference like that discussed in Chapter 6
might be rejected on similar criteria. In this case, however, the
portions of S(k,n) dominated by the interfering signal will have
linear phase while those due mainly to speech will be more randon.
Attenuation of the inter+ering signal based on phase criteria might
produce less distortion in the underlying speech than the methods of
Chapter 6.

It was mentioned in the Introduction that the effectiveness of
the short-time Fourier transform as a perceptual model was limited
because it is constant banduidth, while the ear is more nearly
constant G. The potentia2l advantages of a constant Q transform were
also observed experimentally. For example, in bobackground noise
removal, narrowe" banduiths could be used to better resolve low
frequency components, since the low frequency harmonics change
slowly with time. The same is true for analysis of any eignal with
harmonic structure - increasing the banduwidth with frequency would
provide more nearly optirum resolution of the entire spectrum, seince
high frequency harmonics change more rapidly. A reasonably
efficient algorithm for -he constant Q equivalent of the short-time
transform would certainly improve some of the results obtained here,
and would make possible detailed studies of the perception of

acoustic stimuli similar to thoce which have been done for the
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visual system [28].

One application of time/frequency processing not considered
here which appears espe:cially promising is hearing aids for the
deaf. A large number of persons With impaired hearing suffer from
recruitment [29), a frequency dependent reduction in the dynamic
range of the auditory system., Recruitment is usually due to damage
to the hair cells or auditory nerve, and raises the threshold of
hearing in the region affected. The threshold of discomfort is not
changed, however, so tha: it is often not practical to preemphasize
the signal sufficiently to compensate for the hearing loss. The
results in Chapter &4 incicate that frequency dependent compression
based on the changes in threshold of hearing might be more

effective, particularly in improving speech intelligibility.
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APPENDIX A

A LIMIT ON THE UNCERTAINTY PRODUCT FOR THE SHORT-TIME SPECTRUM

In this appendix, 3 relation is derived for the short-time
spectrum which is similar to the two dimensional uncertainty
principle in quantum mechanics. This result shows how the usual
uncertainty relation for signals and window functions carries over
to the short-time spectrum. UWe define

Dt o oo (t-t,)%|S(u, t)1? dudt , (A.1)
So Lo 1S(w, t)1? dudt
Diu o Jo e (a=u)?|S(0, t) ]2 dodt . (A.2)
Jof2 IS(u, t)I? dudt
It will be shown in this appendix that
DAu At 2 1. (A.3)

The short-time fourier transform is defined [1]

Slu,t) « o f(x)em(t-x) expl(-iux) dx (A. &)

o (2r) S0 FA+w) M (X)) rexp (iAt) dX . (A.S)

The short-time spectrum is the squared magnitude of the short-time
Fourier transform. Equation A.S5 is obtained by viewing A.4 as a
convolution, and using the convolution theorem to rewrite it as the
Fourier transform of a product. F(w) and M(w) are the Fourier

transforms of f(t) and m(t).
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First, the denominator of A.1 and A.2 are evaluated using
Parseval’s theorem and the above definition. We wWwill use the

notation |lgll « [fo lg(e)I® do.

Jo Lo IS(w, t)1? dudt
o 2n oS0 [f{x}13m{t-x}|? dxdt
o 2n| f|l*lIm|| (A.B)

Jo Lo IS(u, t) 12 dadt = (2r) “*F|-IMI (A.7)

We now evaluate w, and t,, again using Parseval’s theorenm. For
eimplicity, it is assumed that the window is real and centered in

time.

to = SoJS tiSlu, t)* dudt (A.8)
2| £l |l

= Jote telfx)itim(t-x)|* dxdt (A.9)
(AT

o Lol (tedelf(x) [RIm(t) * dx dt (A.10)

[F1l«imil
= fo xlf{x)|* dx {A.11)
il

The first term in A.10 integrates to zero be~ause the window is

centered.

o = 2rJ2 f[2 w-lS{w, t)|? dudt (A.12)
=111
o JoL2 wldF(A+0) 3M(A) |? dodX (A.13)
[1F 1t 11M)l
w [o e (a=A)«F (@) 1M (X} 12 du dX (A.14)
IF 1= 1Ml
o fo wlF{w)|? du (A.15)

I
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We are now in a position to evaluate At, Aw in terms of the signal

and the windouw.

At = [oJe (t=t )l (x) % Im(t-x) |* dx dt (A.16)
EARILY

o fofo (tex=t)2]f(x)%Im(t)|? dx dt (A.17)
IRIRITTH

o LO0T [t (=t} 216 (x) |2 Im(t) 2 dx dt (A.18)
(£l lm]l

= l(t=to) e fll + [Itm] (A.19)

£l lImal)

The cross term from A.l17 integrates to zero - see A.ll.

Aa = L2023 (9-0p) % F ) %M I* da dA (A.20)
IF 1M
= L2L2 Clumug) AT F (@) (RN OV J2 (A.21)
IIF 1< )IMi
= Ulw=wo) i + [lwM (A.22)
IIF I Ml

Introducing the notation

Dig = l1{e-0,) gll
ilgll

Wwe can summarize the above results in a concise form.

At = A + Am (A.23)
Als = AF + AM (A.264)

The fact that the time and frequency uncertainty of the
chort-time epectrum can be decomposed into the sum of the
corresponding uncertainty for the signal and the window shows in a

simple manner the effect of the window on the short-time spectrum.
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The usual objective in short-time frequency analysis is not to
minimize the product A’w A’t, but to minimize the portion due to the
window. Equations A.23 and A.24 suggest the use of smooth window
functions like the gaussian which minimize AmA®M.
Inspection of A.18 and A.21 show that minimizing the product
QAo At is equivalent to minimizing the uncertainty product for the two
dimensional, separable function f(x)'m(t) and its Fourier transfornm.
The result is a well known property of the two dimensional Fourier

transform, most often encountered in quantum mechanics [18]).

(ATf+ A - (AF+ AT 2 1 (A.25)

The equality in A.25 is satisfied when the signal and the window are

gaussiane with the same variance.

f(t) = Avexpl-(t-t,)2/2¢%) exp(ingt)

m(t) = Beexp(-t3/20%)



APPENDOIX B

EXPERIMENTAL METHODS

B.1 Computational Information

The experiments described in this paper were performed using a
general purpose Digital Equipment Corporation POP-10 computer, wWwith
65,536 36-bit words of memory. The main programs were wWritten in
FORTRAN, but made use of some assembly language (MACRO-10)
subroutines to speed up repetitive operations. All calculations
were done with floating point arithmetic. Magnetic disk etorage was
used for the short-time Fourier transform and other arrays too large
to fit in memory.

No explicit effort was made to optimize the computational
effeciency of the algorithms used, as the main objective of this
research was to demonstrate the capabilities of time/ frequency
processing. However, the computing times required do provide an
estimate of the computational effort inherent in this type of
process.

The times for floating point addition and multiplication on the
POP-10 are S and 11 microseconds, respectively. A quite efficient
assembly language sub-~outine for the Fast Fourier Transform was
available, which required 42:Klog,(K) microseconds to compute the
discrete Fourier transform of a K point complex sequence (e.g., 2048

point sequence requires ~l sec). This subroutine was used with 2
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FORTRAN implementation of Portnoff's method (15] for calculating the
discrete short-time Fourier transform and its inverse.

The short-time transform with a hanning window was sampled in
time at a rate of 8 samples per window length. This resulted in a
computing time of about 1 minute for the short-time transformin
polar form, and inverse transform of 10,000 samples (one second) of
signal. The time varies slightly (see egquation 2.14) dependant on
the number of frequency samples in the short-time transforni. The
transform time is increased when the window is augmented with zeros
to minimize aliasing, as for two dimensional compression and
expansion in Chapter 5.

The local Wiener filtering and thresholding described in
Chapter 3 required 30 seconds to 1 minute per second of signal, in
addition to the transform time. The time for two dimensional
filtering varied widely, depending on the specific filter used. The
best times occurred when the filter impulse response was separable
and of realtively small extent, so that convolution could be
implemented directly. In these cases, filtering time was about 2

minutes per second of signal.

8.2 Recording and Playback of Signals

The speech used in this research was digitized and stored on
magnetic disks in real time, using a B and K model 4144 condenser
microphone, low noise amplifiers, and a 15 bit analog to digital
converter. The speech was prefiltered at 4,000 Hz, and sawpled at
10,000 samples per second. The recordings were made in a sound
isolated but acoustically live room. The overall signal to noise

ratio for the electrcnict at the time of recording was 80 dB.
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The Caruso recording used in Chapter 3 was previously digitized

by T. G. Stockham, Jr,
Digitized signals were played back through a 16 bit digital to
analog converter, and fi.tered at 4,000 Hz. Critical lietening was
tdone with Koss PRO-4A headphones., Signals could aleo be reproduced

with Bose 901 loudspeakers.

B.3 Spectrogram Oisplays

The spectrograms in this paper were produced Wwith a precision
cathode ray tube display. The output signal is compensated to
account for the propertios of the cathode ray tube phosphor and the
photographic film, soc that the intensity of the light reflected from
the picture is proportional to the signal in the computer.

The spectrograms are 256 X512 point displays of the magnitude
of the short-time Fourier transform. The magnitude is scaled to use
the full dynamic range of the film; in some cases, clipping of the
brightest features is al_.owed in order to improve the visibility of
fainter regions. The magnitude is normally scaled by & dB/oct above
400 Hz to remove the natural high frequency rolloff of speech.

With the exception of Chapter 4, all spectrograms in this paper
were made by reanalyziny the processed signal using the same window
as the process. Those in Chanter & show the modified short-time
spectrum dirertly, since a modif.ad signal was not synthesized.

The speech shoun in the spectrograms was that of a male with
relatively low pitech. For this reason, the spectrograms eometimes
show intermediate resclution of pitch where temporal structure and

harmonice are simultanecusly visible. This is avident in the word
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"man's" in Figure S(b), for example. This had no significant effect
on processing since only lou frequency components of the short-time

spectrum were modified.
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