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ABSTRACT 

The frequency aonam representation of a time signal afforded 

by the Fourier transfers is a powerful tool In acoustic signal 

processing. The usefulness of tms representation is rooted in the 

mechanisms of sound production ana perception. Many sources of 

sound exhibit normal Modal or natural frequencies of vibration, and 

can be described concisely in the frequency domain. The human 

auditory system performs frequency analysis earl;, in the hearing 

process,    so   perception   is   often   best   described   by   frequency   domain 

parameters. 

This dissertation investigates a new approach to acoustic 

signal processing based on the short-time Fourier transform, a two 

dimensional representation wnicn shows the time and frequency 

structure of sounds. This representation is appropriate for signals 

such as speech and music, where *ha 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 

devoloped. and four examples are described: removal of broad band 

background noise. isolation of perceptually important speech 

feature:, dynamic range compression and expansion, and removal of 

locally periodic  interfering signals. 

i 1 i 
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CHAPTER 1 

INTROOUCTION 

1.1  Short-Time Frequency Analysis 

The representation of s signal by its Fourier transform is 

central to acoustic «.jnal processing. Tre usefulness of thit 

transform derives fron the mechanisms of sound production and 

perception. riany 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 tnat the 

human auditory system performs frequency analysis, and perception is 

often best described by frequency domain parame'ers. 

In signals such es speech and music, the characteristic 

frequencies of the sour;e 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 show 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 

signal seen through the: window. The result is the short-time 

Fourier transform [1,21 - a two dimensional, titne/f requencg 

representation of the signal: 

S{u,t) - S.Z  m(t-><).6(x).exp(-iux) dx (1.1) 



„nere »it) it tnt Sijjnai aid mit) is (hi «i^ao«. Tht «hort-ti«« 

Pourie»* trar>»forr, ie invj^tiClt [1], and it ■(0)*0 tna invar«* i« 

w.Su3llg  cnosen  as 

sit)   •   lln-^Zty'SZ Siu.t).«Kpiiyt)   a-. (1.2) 

A visiCle rfepresentction of the snort-tia* Fourier transform of 

cpeecn ia snown in Figu-es 1 ara 2. The ordmate in tr.ese figures 

is frequency (C-5CCJ Hz), tre aacissa is time (i sec), ana tne 

intensity of tne reflectec lignt is Drcpo-tional to tne magnituoe of 

S(u,t). The difference m apcea-ance of tre tuo figures is a-e to 

the wincow. Figure 1 wiis nace «itn a relatively snort winoow (10 

■••el so tnat tine resciution is gcoa - inaividual pitch pulses 

caused by the vocal cora« opening and closing can oe seen. Fig-re 2 

-j- uade with a longe'" -inoo». (3C "secj ara f-equerc^ resolution is 

increased - pitch pulces are not visible Out the resulting harmonic 

structure *6. The effect of the umao- will öe discussed in more 

detail in the next chapter. 

Time/frequency oisplays liKe Figure 1 ana 2. unich are commonly 

called spectrograms, are wioel^, usea ca speecr. researchers [2.3]. 

Tnese displays are UMful because trey show features important to 

production and percepticn o* speecn. Tnis is illustrateo by a 

ceries of experiments pt-firmed at ^asKins waooratories [A,5]. In 

these eyperiments, a mecnamcal SySten- was used to play back 

'-tylized. hand-painted spectrograms of closely related sounas, «ucr. 

u& syllables beginning with p. t. ana K. It was founa tnat 

perceptual distinctions among these sounds were explamea t^ 

differences in their  t J me/f recuency structure »»uch as  the peak 



formant* trantiUon«. TM««« »MtuTM «uit oe accurately ra^rooucaa 

Ow SgttaB» for •yntttMit or tran»eit«icn of »paach. Out thay are not 

reaoily apparent in tn« $=••=- -avt^orn or it« convantiOral Fo-riar 

•.-antforfa. 

5«cauce it -^ccels sceec- i^c-ct.c- a-~ ^e-cestic-, tha 

tnort-tiaa Fc-r»«r t^ansforo na« c#e- -*«a in an efficient MthOd of 

-peecn encoaing. The Pra.« Vocooer IS) perfore« analgsi» cased on 

l.i (tir-pleu in f-equtnc*-. a-u trar»"itt canoliKi teo eiö-ale 

corroepondinc to tne r.djnit.je arc crate of tne sncrt-ti-e 

transform. Speecr, is reconstructed at the receiver ueing 1.2. In a 

«-.ore general MAM. n^Ply all cnannel vocoders are cased on 

Ihort ti«t freq^erc^ analysis [7]. 

1.2  Tir,-.e/rreQ-.enca A-3lsSiS in tne Hwsian Auditory System 

Helmholtz CSJ firs; proposea a theory of hearing oased en 

frequency analysis of accstic »tiouU. Tms feature of hearing ha» 

been cöserved in nur-e'-ous psycncpnysical experiments [9.10], and «as 

put on a firm physiological oasis Dy von BeKesy till ano <iang [12). 

A schematic diagram o' tre peripne-al auditory system if shown 

in Figure 3. Sound pressure -aves cause vicration of the eardrum or 

tyr-oannic memorane. These viprations are transmitted by the 

ocsicular oones of the Biddl« ear. whose main function is impedance 

transformation oet-een tre air medium in the outer ear and tne fluid 

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

  

♦Forn.ants are the pronirant spectral pea-sS  in  speech  caused  by 

resonances in the vocal tract. 
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cUviuea ir.to two cna'xers Cj tne Ddsilar y.emorane. It is actually 

coiiea liRe a snail sr.e:i (hsnct its nare). but ie shown unrollea 

<or clarity in Figure 3. Tne vitraticns transmitted to tne cochlear 

fluici cause motion of tre oasilar meMorane. ana tnis motion is 

censeo Dy the auaitcry nerve. 

Von Bc-Kecy ill- sro~eü that acoustic stimuli set up traveling 

uaves on the oasilar .-re.norane. The mechanical properties of the 

membrane are analogous to those of a non-uniform transmission line: 

wavos of a given frequency travel along the membrane until they 

reach the point resonan1: at that frequency, and then are rapidly 

attenuated. Displacement of tne membrane is greatest at the point 

of resonance. As a result, the response of the basilar membrane at 

a specific point along its length is much like that of a relatively 

broad bandpass filter. The bandwidth of successive points is 

roughly constant Q. so frequency resolution is best at low 

frequencies and time resclution best 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 net well understood, but Kiang C12] has shown 

that the firing rate of each neuron is characterized by a response 

curve similar to that of the basilar membrane. The frequency 

analysis of the basilar nembrane is preserved in the auditory nerve. 

The pattern of nerwe firings available to higher centers of 

hearing is thus a two diuensional, time/frequency representation of 

the acoustic stimulus, similar to the short-time spectrum. The 

effective bandwidth of tne auditory system based on psychophysical 

data is about 100 Hz for low frequency stimuli (100-350 Hz), and 



increases to about 1CC0 bz for 5000 Hz stimuli [2,9]. 

1.3 Contribution of This Research 

This paper investicjctes acoustic signal processing based on the 

Lhort-time spectrum. The short-time Fourier transform of the signal 

is calculated as in 1.1, and the magnitude of the transformea signal 

is modified in an appropriate way. A new signal is then obtained 

from the modified transfcrm using 1.2. 

This approach is suggested by time/frequency analysis in the 

auditory system, and is appropriate for systems uhen &ubje..ti.£ 

perception of the output signal is the primary measure cf 

performance. The short-:inie Fourier transform is used to provide a 

time/frequency representation because it is computationally 

effecient. It does not trodel auditory system processing in detail - 

for example, frequency Jinalysis in the auditory system 's roughly 

constant Q, while the short-time Fourier transform is constant 

bandwidth. However, th« simplifications inherent in use of this 

transform do not undulj 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 perceptual 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 tho spectrogram of a noisy recording shown in Chapter 3. The 

regions of the spectrocram where noise is visually obvious are 

gonerally those most noticeable in listening. An algorithm which 

selectively attenuates portions of the spectrogram dominated by 

noise will reduce the noise perceived in the modified signal. 



Time'trequencu prooessing results in nonlinear, adaptive 

cy&tcMB wnose effect is aeternuned by the local time and frequency 

structure of the signal. Tnese systems art inherently more flexible 

tnan linear, time-invariant syttMl whose cesign must be based on 

average or uoret case signal characteristics. The disadvantage of 

tr.ece systems is their matnematical complexity. Very few of the 

'-ystems invfestigatad here can be analyzed in a concise and complete 

way. 



FIGURE 1 

Magnitude of the short-tine Fourier transform usinp; 
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 is "open the crate." 

  l^kM mm i* 



FIGURE 2 

Magnitude of the short-t ime Fourier transform usinsr 
long (30 msec) window. The speech and other parameters are 
the same as in Figure 1. 
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FIGURE 3 

Schematic arawing of   the peripheral  auditory  system. 



CHAPTER 2 

THEORY 

2.1  The Fourier Transform of Discrete Signals 

The Fourier transform for aiscrete (sampled) signals is similar 

to the Fourier series representation of periodic signals, with the 

role of the time domain and the frequency domain reversed. The time 

domain signal is discrete, so the frequency domain signal is 

periodic. The period of the Fourier transform is inversely 

proportional to the sampling 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]. 

If f(n) is a time sequence satisfying 

2?.... If (nil < ■«. (2.1) 

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

F<fiJ   -   2".«  f (n).exp(-iOkn), (2.2) 

f(n)   -   (2n)-,>r.: F(0).exp(iOr^   dO . (2.3) 

0 and n are dimensionlest.  They are related to the radian frequency 

and time by the sampling period T: 

u - 0/T ;  t - nT . (2.4) 
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It can be seen from 2.2 that F(0) has period 2n. 

Transforming 2.2 and 2.3 leads to the follouing two equations, 

which will be useful later: 

Snl - (2n)-'>r.; •Kp[iO(n-l)] dftl, (2.5) 

2jt.S(0-0/) - !?..„ exp [1(0-0') n]. (2.6) 

2M is the Kroniker delta and 5(0-0') 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 14. 

2.2 The Short-Time Fourier Transform 

The discrete short-time Fourier transform of a sequence s(n) is 

defined by 

S(K,n) - I?..« s(r)-m(n-r).exp(-i0llr) (2.7) 

0U - 2nk/N   k - 0,1,— N 

where m(n) is an aporopriately chosen w^ndow. S(k,n) is a two 

dimensional, complex function of frequency (k) and time (n). It can 

be interpreted as samples 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 

response 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 jeing the Fast Fourier Transform algorithm 

[15]. 

The  inverse  to 2.7 can be chosen as   [1] 

s(n)   - l/Nir:j 3(k,n)-exp(iOkn). (2.8) 

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

seen by Substituting 2.7 into 2.S. 

8'(n) - I/N2^ exp(iOkn)-2?..«, s (r)-m (n-r)-expCiO.r)   (2.9) 

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

summation can be reversec. 

s'tn) - 2".» s(r).ir,(n-r).i/N^:o exp [iOk (n-r) ]       (2.10) 

l/NZSß  exp(iOkl)   -  1 U0.±N,±2N.— (2.11) 
» 0 otherwise 

Now   if   the   inverse   transiform   is   to   result   in   the   original   signal, 

the  window must  satisfy 

m(n)   - 1        n-0 (2.12) 
- 0        n-±N,±2N,"- 

but is otherwise arbitrary. 

Notice that with tha inverse defined by 2.8, only one point of 

the time sequence is obt.aineü from each time slice of S(k,n). This 

is a desireable characteristic for the experiments discussed later, 

in which S(K,n) is modiiied and 2.8 is used to obtain a new time 

signal. Changes to Stk.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 

bund occupied oy the Fourier transform of the wir-ou. One might 

therefore expect that intermediate samples of S(k,n) would have to 

be obtained by interpolation prior to reconstruction of 8{n). For 

an N point signal and a < 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 'OP an interpolation, tne time required for 

reconstruction is 

t. - [ (N-N/L)-SiK + WJT (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 dfiveloped a more efficient algorithm to 

accomplish the interpolation and inverse transform which maKes use 

of the Fast Fourier Trars*-— algorithm. Portnoff s method, which 

is explained in detail i Refe^nce 15. reverses the order in which 

the    interpolation   sum   ar ^    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 transform of SU.n) in the K direction. A new 

array can therefore be obtained from SU.n) using the Fast Fourier 

Transform, and points in the time sequence are obtained by 

interpolating   selected   data   in   the    transformed   array.       Only   one 

*S(k.n)   is  complex,   but  due   to    real-even/imaginary-odd     symmetry. 
only  K   interpolations  are   neeaecl   for  each   time  slice. 
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interpolation is required for each intermediate point in the time 

sequence. Th* Fast Fourier Transform requires a time proportional 

to K.log,(K)* to transform a K point sequence [133. The constant of 

proportionality is typically about three times the multiply and add 

time, so the tin« required for reconstruction using the Portnoff 

method  is 

t, -   [(N/U•3K.log,(K)  + (N-N/L).9]T. (2.14) 

For a given window shap.j, K/L is a constant - icaling the window 

length changes the desampling ratio by the same factor. 

Reconstruction time therefore grows only as the logarithm of the 

frequency resolution of S(K,n). 

To appreciate the time savings afforded by Portnoffs method, 

consider a case where K - 512 ind L - S4 (typical for some of the 

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

t, * IOK-NT - E;120.NT , 

t, a   (24.1og2(K)  + 9)NT - 225.IMr , 

t./t2 * 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 is 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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filters BP0, BP^"-  BPN.t, have unit sample responses 

bh(n) - ni(n).a><p(iOkn)   k-0,1.'" N-l (2.15) 

uhere m(n) is the unit «ample response of a low pass filter. The 

filter outputs are therefore 

UJn) - Z?..« bk(n-r)-s(r) (2.16) 

- S?..» m(n-r).s(r).expCi0ll(n-r)]. (2.17) 

The outputs are then multiplied by exp(-iOkn), so that all signals 

will be low pass. Thiji process is often referred to as complex 

demodulation. 

2k(n) - yl<(n)'exp(-iOkn) (2.18) 

- 2?..« m(n-r)-s(r).exp(-iOkr) (2.19) 

Comparison of 2.19 and 2.7 shows that S(l<,n) is equivalent to the 

demodulated output of a set of bandpass filters. Multiplication by 

exp(-iOl,n) does not affect the magnitude, so if we are only 

interested in IStk.n)! demodulation is not required. 

|S(K.n)| - |yk(n)| - lzk(n)l (2.20) 

Reconstruction of a time signal is accomplished by reintroducing the 

center frequency of eacn filter and summing. If the output is 

scaled by 1/N 

y(n) - i/Nir.-J zk(n)-exp(ifikn) (2.21) 

- I/N2?:O tfhtn). (2.22) 

The system is the identity system and reproduces 8(n) if m(n) 
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satisfies 2.12, as before. 

The equivalence of .inalysis witn 2.7 and synthesis 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 p-ior to reconstruction of a time signal. 

2.4  Modification of the Snort-Time Fourier Transform 

Chapters 3 through G discuss experiments which are based on 

modifying the short-time Fourier transform.   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 

a  specified  function,  and  convolution  of  loglS(k,n)|  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, only 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 represents the limiting case 

where the spectrum of the input signal changes very slowly. A new 

time signal is reconstructed with 2.8. 

•'(n) - UHlXl  G(k).S(k,n).exp(iOkm (2.23) 
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-i/N^r.'il"- G\K)Tr,in-r}.6{r).eKpCiO, (n-r)]    (2.24) 

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

bounded.  Ue define a neu function 

g(U - 1*2*3 '3(K).exp(ifU) (2.25) 

and in terms of g(l). 2.24 becomes 

• '(n) - I"- g(n-r}.m(n-r).,,(r). (2.25) 

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

effect  be«"-   passed   through a  filter with  unit   sample  response 

h(n)   - ni(n).g(-i). (2.27) 

The frequency response Of tnis filter is the Fourier transform of 

h(n). 

MIO)   -   I?.., rn(n).g(n).exp(-iOn) (2.28) 

- mi2S«lCT ni(n).G(K).expt-i(n-fi.)n] (2.29) 

- IM2S3 '3(i<)-nin-nj (2.30) 

Equation 2.30 snows thai tne intenaed modification is smoothed bg 

the Fourier transform of the winoow. The equivalent filter cannot 

have    detail     finer     than    tne    oano-idth    of    n{0). This    is     a 

manifestation of tne tim^-frecuenc^ uncertainty principle discussed 

in   the  next   section. 

Equation 2.3C can oe interpreted in terms of the filter bank 

analogy of Figure 4. GU;) acts liR« a gain setting for eacn of the 

N   filters   -   the   frequency   response   of   tne   K»*   filter.   11(^-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 dusired is the principal period of g(n), 

OSniN-l. Uhen the window is longer than N, 2.27 shows that 

points from the second period of g(n) are included in h(n). Thie 

will produce audible ef-ects 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 SCk.n). 

This restriction is noi: 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. 

y^n) - b^nlSsMn) (2.31) 

- bll(n)(i)h(n)®s(n) (2.32) 

- yk(n)(i'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) - 2"-» S(k,n-r).h(r)-eKp{-iOkr) (2.34) 

The short-time spectrum has been convolved in the time direction 

with h(n); the term exp(-iO,r) compensates for the demodulation of 

S(k,n). If G(k) and thus H(0) are approximately constant over 

frequency ranges comparable to the bandwidth of 11(0), synthesis and 

reanalysis will  be approximately an identity operation. 
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S^k.n) a G(l<)-S(k.n) (2.35) 

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

and frequency.  In this case, 2.31 becomes a superposition sum 

6'(n) - 2r~m  g (n-r. n)-m (n—)-s (r) (2.3o) 

where 

g(l,n) - i/Nir:i G(k,n)-exp(iOkl). [2.37) 

Each sample of s'(n) is now computed from a new unit sample 

response. The intended rvodification G(k,n) is smoothed in frequency 

by ri(0), as before. 

Defining h(I, n) - g(l.n) »m (n), the short-time transform of the 

modified signal is 

S'Ck.n) - X".»I"-» ni{n-r).h(r-x.r)-s(x).exp(-inkr). (2.38) 

He cannot proceed as in 2.31 - 2.34 because of the time dependence 

of h(l,n). The physical reason can be sein by considering the 

filter bank analogy. Ilultiplication by G(k,n) is equivalent to a 

time-varying gain for each filter. The output of each filter is 

amplitude modulated, which broadens the signal spectrum so that it 

Mill not "fit" in the co-responding filter when analyzed tne second 

time. However     if     h(l,n),     viewed     .as     a     function     of     n,      is 

approximately constant over the length ot ihe window (i.e., the unit 

sample response of   the ecuivalent   filter changes  slowly) 

m(n-r)>h(r-x.r)   * m (n-r) ^(n-r, n). 

Equation 2.38  then becomes 

• 
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S'Ck.n) m   2?..-2x..« m (n-r)-hir-x, n)-s (K)-exp (-iOhr) . (2.39) 

Substituting I - r-x and uüing 2.7 

S'U.n) » 2"- S(l<.n-l)-h(l.n).eHp(-i0lll). (2.40) 

Equation 2.40 is th« time dependent result analagous to 2.34. 

In order for analysis and synthesis to be an approximate 

identity, modifications to the short-time transform must change 

slouly in time, compared to the uindou, and slowly in frequency, 

compared to the Fourier transform of the window. This restriction 

applies whether tne modifications are produced by multiplication or 

some other operation on the short-time transform. 

In the case ^nere the modified signal is reanalyzed the 

auditory system, the interpretation of 2.40 is slightly different. 

S(K,n) and S'U.n) represent signals in the auditory system, and not 

the s^ort-time transforn used to produce h(l,n). Assuming that 

hd.n) represents the desired modification with sufficient accuracy, 

it is only necessary that h(l,n] change slowly compared to the 

affective auditory sya'em window for the modification '. o bJ 

perceived correctly. The auditory system is relatively broad band 

compared to the short-lime transforms used for the experiments 

described later, so its effective window is snorter [21. 

2.5 Selection of a Ulindcw 

The short-time Fourier transform is really a family of 

transforms, corresponding to all the possible window functions which 

can be used Ln 2.7. flembers of this family can be quite different, 

M is shown by Figure 5.  The same input speech was used for all 
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three spectrograms. Figure 5(a) was made uith a Fourier uindow of 

length (2NT) 25.G msec. 

tn(n) - 1   -K < n < N (2.Al) 
- 0   otherwise 

Figure 5(b) uas made with a raised cosine or banning window of the 

same length. 

m(n) - .5 + .S-cosdrn/N)   -N < n < N (2.42) 
- 0 otherwise 

Figure 5(c) was made with a hanning window 12.8 msec long. The 

differences in the appearance 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 th?' 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 resolution. The time and frequency resolution 

are determined by the wirdow (see Appendix A) and are limited by the 

well known Heisenberg uncertainty principle [IG], which relates the 

temporal extent of a function f(t) and the frequency spread of its 

Fourier  transform F(u). 

Aat  - j;   (t-lc)3-|f (t)l1 d_t (2.43) 
j::   !f (t)!1 ot 

A2" -  J^   (ü-^O)>-IF(U)I> du (2.44) 
XriFTuTF du 

AtA" ^  .5 (2.45) 

Ulhen the des," red process must change rapidly in both frequency 

and time, probably the best solution is to match the frequency and 

m 
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tirno resolution of the uinoow to the average r^eolution of the 

auciitory system. In the experiments described here, the procescj 

changes slowly compared to the temporal resolution of the ear. In 

this case, the length of the winaow is based on the time that the 

signal is approximately stationary, in order to best use the 

time/frequency resolution  available. 

If the window is much longer than the stationary time of the 

signal, the temporal extant of events is not well resolved and the 

chort-time spectrum begins to represent an average of sequential 

events. If the window is much shorter, the frequency resolution of 

the short-time spectrum „s unnecessarily reduced. For signals such 

as speech and music, the stationary time varies and the shape of the 

uindow must be chosen to represent spectral features of interest 

well over a range of stationary times. The usual assumption for 

speech is that the sign.31 is stationary for about 20 msec. This 

corresponds approximately to the length of the window used for 

Figures 5(a)   and 5(b). 

The minimum uncertainty function which satisfies the equality 

in 2.45 is 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 |t|;T/2 and has as much of its energy as 

possible in the interval |ul < 0 is the zeroth prolate spheroidal 

wove     function,     ^o(t,0T/'2). Hany     other     finite     length     window 

functions for spectral analysis have been investigated [18,19]. 

Each solves the problems of spectral resolution and computational 

efficiency  in a  slightly different  way.     Host  of   these  functions  are 
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cmooth. 

A harming uindow ua« used for all the experiments described in 

this paper. This window uas easy to implement and provided adequate 

time and frequency resolution. It is likely that some improvement 

could be made in each exDeriment oy optimizing the window shape for 

the needs of the particular process. However, informal tests using 

other window l ^pes indicate tnat, so long as the window is smooth. 

the experimental results will not change significantly. 

Equation 2.12 placet; no restrictions on window length, GO long 

as the window has appropriate zeros. For processes which modify the 

i,hort-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. 

2.8  Information in the Tagnituae ana Phase 

of the Short-time Fourier Transform 

The remaining chapters describe processes which alter the 

magnitude of S(k.n) but leave the phase unchanged. An experiment 

was performed to determine how information in speech is divided 

between the magnitude and phase, and indicate limitations inherent 

in processing the magnitude only. 

The short-time transform of a typical sample of speech was 

calculated using a 25.6 msec hanning window. Two new signals were 

thon 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 phaee function.  The resulting eignals are 

ihown in Figure G.     The iragnitude of   their  short-time  transforms  are 
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shown in Figure 7. 

The flat magnituce, original phase signal contains mostly 

excitation information. Cne can tell whetner the speech is voiced 

or unvoiced and determine the pitch, but the speech is otherwise 

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 01 magnitude flattening to eliminate pitch 

structure is to be expected because of the frequency smoothing 

discu&eed in the last section. The intended modification, 

CIS (k.n) 1]'l, is smoothed by the Fourier transform of the window as 

in 2.30, and fine detail - primarily ha-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 used to calculate the original 

short-time transform. 

The oricj. 3\ magnilude, ran^i. 'jhase signal contains mostly 

vocal tract information. The speech is quite intelligible, but 

sounds whispered. This it evident from the noise-like structure of 

the waveform in Figure S(c), and the lack of harmonic structure in 

Figure 7 (c). 

These results are consistent with comments by Flanagan [6] , who 

notes that in a narrow banL 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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e)<p{-iO,n) exp(i00n) 

FIGURE 4 

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

The 



(a 

(t) 

(c) 

FIJUHE 5 

Effect of the window on the short-tixe Fourier 
transforrri: (a) 25.c msec Fourier window. (b) 25.6 msec 
hanning window, (c) 12.8 msec hanning window. Each 
spectrogran represents one seconl of speech, 0 - 5i000 Hz. 
All three have been scaled by 6 db/oct above ^00 Hz. The 
speech is "man's primary." 
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(b) (c) 

FIGURE 6 

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

^IJUHE 7 

Spectrograms  of   Signals   reconstructed   from the 
magnitude and phase of the short-t ime Fourier transform: (a) 
orj-ginal  speech,  (b)  flat   magnitude,   original phase 
reconstruction,   (c)   original   magnitude,  random phase 
reconstruction.  The spectrograms in (a) and (c)  have been 
scaled 6 dB/oct above 40 0 Hz. 



CHAPTER 3 

REMOVAL DP BROAD BAND BACKGROUND NOISE 

3.1 Local Uiener Filtering 

The separation of a signal from additive random noise is a 

common problem in acoustic signal processing. The optimum linear 

system for perfortring such a separation, based on a mean square 

error criterion, was obtained by Uiener [20]. Given the signal plus 

noise, the signal is estimated with a linear combination of the 

data*. 

K(t) - s(t) ♦ n(t) (3,1) 

est{s(t)l - 2.".» h{t,r).x(r) (3-2) 

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

the time difference r-t-r. 

estlsit)) - !;?..„ h(t-r).x(r) (3.3) 

The function h(T) is chosen to minimize the mean square error 

EUsU) - 2*.. x(t-r).h(r)l,l - minimum (3.4) 

uhero 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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StEdtU) - 2?'.. xtt-D-htr)!'!] -0 (3.5) 

El[8(t) - Ire  x(t-r)-h(r)]-x(t-l))-Sh(l) - 0       <3.6) 

WQ get, since the variation is arbitrary 

R»„m - 2"-» ^«(l-D-hCr) - 0. (3.7) 

RMm    is    the   cross   cor.-elation   E Isit)-x (t-l)) ,    and   R^d)    is    the 

autocorrelation E {x(t) .x(t-U ).     TaKing  the Fourier  transform  of  3.7 

H(u)   - $,„(•*)/$».(*»), (3,8) 

0Sx(u) is the cross spectrum of s(t) and x(t), defined as the 

Fourier transform of Rsx. and **<(*) is the spectrum of x(t). If 

the   signal   and   noise   are   uncorrelated,   Rs» ■ R«s and 

RXK-RSS + RNN. so 3.8 beconies 

H(u)       OSS(ü) l3'9) 

<J)ss(u) + C>NH(u) 

Equation 2.9 assumes that the signal is stationary, and does not 

apply to signals such as speech and music. However, ue might 

envision a running detertrination of 2.9, based on a local section of 

the signal uhich is approximately stationary. 

H{u.t) -    OWu.t) (3.10) 

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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0„(K.t) * (2L>l)-'2l
t... IXIk.t^m« 13,11) 

-here L i. determined ty the appro-imatr stationary time of the 

tignal. The noxse .pectrun car oe e.txnateo In the .ame manner 

ciurino a per.od .hen there .s nc sxgnal. The nox.e spectrum 

estimate Mill hormally nave smaller var.ar.e tnan th. local spectrum 

estimate becauee the noi«. i. stationary a^d tne MtiMting time can 

b« quite large. Using t .ese estimates anc assumxng that the 61önal 

ahd the noise are uncorrelated. a local wiener fxlter xs obtaxnea. 

HU, tJ - $.,(■<. t) - ©„„u}   0) > A r* i^-i —. 7— w    v.. » vhH (3.*2a> 
v..(<, t; 

HU'X)   - 0 «»„so.. (3.12b) 

The restriction to positxve val.es x. requxred Pecau.e 0.. ana ^ 

are estimated spectra wxtr fxnite varxance. 

This process ..as used to -educe the surface noise on a 1307 

recording by Enrico Caruso. The spectrum of the surface noxse -as 

estimated from sxlent grooves at the oegxnnxng ana end of the 

record. Observatxon of portxons of the short-txme spectrum uhxch 

are domxnated Py nois» showeo that the roxse xs statxonary 

throughout the recordxn3. Figur, 7 snows tne estxmatec noxse 

cpectrum. The average spectrum of the entxre recording xs also 

shoun for comparison. 

The local spectrum of the noisy sxgnal .a. estimated as xn 

3.11. A 25.6 msec harming uxndou .as used for the .hort-txme 

Fourier transform. The averaging txme «UIJ uas 100 msec. Tnis 

time is eomeuhat longer than the stationary Um. Bu0ö..t.. by the 

singing, but uas the minimum necessary to obtaxn a local spectrum 
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cstimatt with acceptable variance. The short-time transform uae 

multiplied bg H(K,t) from 3.12, ana a new signal constructed from 

2.8. 

XMK. t)   - H(k. t)-X(*. t) (3.13) 

K'(t)   -  i/N2?.'i XMK.tJ-oxpdO.t) (3.14) 

Spectrograms of a oortion of the original and processed signal 

are    shown    in    Figure    8. The    rapialy    varying    component    of     the 

tpectrcgrams is the singing; the relatively constant harmonic 

structure below <vl5C0 Hz  is   the  orchestra. 

As is apparent in Figure 8(c), the process greatly reduces the 

surface noise. Careful listening shows no change in the einging 

voice. The variance of the local spectrum estimate, however, allows 

narrow bands of noise to be a-dible, even though they have been 

greatly attenuated. T-i..s effect is quite noticeable in passages 

i-.nere the signal is qui>it or relatively narrow band, so that the 

remaining oacKground noise is not nasKea. It ie more noticeable 

than white noise at the same level oecause the noise spectrum is 

narrow and changes quite rapidly. 

3.2     Thresholding 

Figure 7 shows that the overall signal to noise ratio for the 

original recording is about 24 dB. The local signal to noise ratio 

in IXIkftH1 is often better, because the signal is concentrated in 

frequency and time, while the noise is relatively smooth. The 

regions of IXOct)!1 can iherefore be separated from those dominated 

by  noise  by a   thresnoldirg  operation. 
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The thrösholding ilgorithni uas rjesigned to ensure that 

background noise was attonuated uniformly and to avoid artifacts in 

the singing such as suoden starts and stops. Two reference levels 

were used - a lower level 3 dB above the noise spectrum and an upper 

level     12    dB    above    noise. Uhen    IXtk.tH'    exceeded     the    upper 

threshold, it was left unattenuated (both in the -.ime direction and 

the freciuency direction) until it passed below the lower threshold: 

otherwise, IXd^t)!» was attenuated by 24 dB. The effect can be 

visualized in terms of a contour map of |X(k,t)|2. If a peak in 

IXfk.tH1 is higher than the contour corresponding to the upper 

threshold, all portions of the peak down to the contour 

corresponaing to the lo-ier threshold are left unchanged. Other 

regions of the contour msp are attenuated. This description must be 

modified in one respect: to keep computer memory requirements small, 

the algorithm could  look backward in  time only 50 msec. 

A spectrogram of tl-uj resulting signal is showm in Figure 8(c). 

The thresholding algorithm performed better than the local Wiener 

filter in that background 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   ehe noise,   and are attenuated. 
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spectrum of entire recording, (d) 126 ooint average spectrum 
e stimat e . 
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(b) 

(c) 

FIuUHE 9 

■»ack^round noise removal: (a) original record inp:, (b) 
processed by local Wiener filtering, (c) crocessed by 
thresholding. All three spectrograms have been scaled 
6 dB/oct above 400 Hz. 



CHAPTER 4 

ISOLATION OF PERCEPTUALLY IMPORTANT SPEECH FEATURES 

There is considerable evidence 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 bandwidths, and voiced-unvoiced changes. All of 

these are evident in the short-time spectrum. Liberman's uork [5] 

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 following the 

noise burst often determines which consonant is perceived. 

Experiments were conducted to attempt to isolate selected 

speech features in logIS (K.n) I. and determine which regions were 

most important to perception. Three features were selected as 

typical - pitch, formanto. and plosive noise bursts. The logarithm 

was taken to model the approximate logarithmic sensitivity of the 

auditory system. In addition, it was desired to isolate these 

features by two dimensional 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.B msec banning window was used for calculation of the 

short-time Fourier transform.  The window was augmented with zeros 
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to tuice this length to increase frequency direction sampling of 

S(k,n) and minimize aliasing in logIS(k, n) I. The normal time 

sampling of SIk.n) for this window (sampling period 3.2 msec) was 

sufficiently conservative to limit time direction aliasing ot 

loglS(k,n)|. The two diirensional filters used were zero phase with 

flat passbands. Half cosine transition regions were used to 

minimize ringing effects. 

The results of these experiments are summarized in Figure 10, 

which shows the approximate reyions of the Fourier transform of 

logtS<kln)| 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 lower boundary for pitch features extends into the 

formant region. 

Figures 11 and 12 show speech features obtained by two 

dimensional filtering of logIS (k.n)I. These features were obtained 

by multiplying the Fourier transform of loglS(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. Tie pitch, formants. and plosives have much lower dynamic 

range than the original speech. 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 zero low frequency gain and transitions at 

fk - .5 msec,   fn - 25 Hz. 

An interesting feature of these results is that the slowly 

changing component of lcglS(k,n)| seems to be of lesser importance 

to perception. This is supported by characteristics of the auditory 

system. The    signal     In    the    auditory    nerve    exhibits     "temporal 

adaptation" [10,12] - that is, the auditory system adapts quite 

rapidly (a tew 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 exhibits "two-tone inhibition" [9,21] - the threshold for 

hearing    a     test     tone    i»    increased    by    nearby    tones. This    may 

attenuate the component of the signal in the auditory system which 

changes slowly with frequency, 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 dene  in Figure 12(c). 

This discussion suggests that a signal synthesized from Figure 

12(c) should have low dynamic range but still be highly 

intelligible,    and   this   is   in   fact   the   case.      Speech   processed   to 
- 

attenuate    the    low   frequency   component   of    the   short-time    spectrum 

. 
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might therefore be more intelligible than normal speech in a noisy 

environment. Informal listening ;ests and the results of the next 

chapter  support   this notion. 
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fk  (msec) i 
i 

3.0 

0.7 

0.5 

N 
20 35 f,   (Hz) 

FIGURE 10 

Areas of the Fourier transform of loglS(k,n)l occupied by 
speech features: F represents 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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FIGURE 11 

Speech features obtained by two dimensional filtering 
of log I S(k, n) I : (a) original speech, (b) pitch, (c) 
formants. Each picture represents 1.6 seconds of speech, 
and has been scaled to use the entire dynamic ranp;e of the 
film. The speech is "the pipe bepan to rust." The 
spectrogram in (a) has been scaled 6 dB/oct above 400 Hz. 
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FIGUHE 12 

Speech features obtained by two dimensional filtering 
of log|S(k,n)|: (a) formants, (b) plosives, (c) slowly 
varying component removej. bi.^ure (a) was obtained from 
Figure 11(c) by clipping below 104 of the nax1mun value to 
remove small backpround features. 



CHAPTER 5 

TUO DIPIENSIONAL COHPRFSSION AND EXPANSION 

5.1  Review of Homomorphic Compression anc Expansion 

Oppenheim et al C23] investigated a homomorphic system for 

compression and expansion of acoustic signals. The system is based 

on modeling audio signals as a prodoct of tuo components - a slowly 

varying, positive envelope signal e(n) and a rapidly varying bipolar 

signal v(n). 

8(n) - e(n).v(-i) (5.1) 

These multiplied signals can be mapped into added signals by the 

logarithm. 

log[s(n)] - lcgle(n)| + loglv(n)l + Uv(n) (5.2) 

The imaginary part Z.v(n) is either 0 or R. and represents the sign 

of s(n). If the frequency bands occupied by logle(n)| and loglv(n)l 

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 v(n), Reference 23 provides evidence that the component of 

logl8(n)| below about 18 Hz shoula be treated as logle(n)|. 

A multiplicative filter to compress or expand 9(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 loglv(n)l is passed unchanged. The resulting 

signal 

s'in)   - 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{f) is a 

filter with gain p belou IG 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 hiss 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 

signal. 

5.2 Two Dimensional Compression and Expansion 

In situations whare perception of the output signal is 

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 relat.vely 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  signal. 

A compression-expansion system uhich operates in the 

time/frequency domain would alleviate this problem by compressing 

frequency bands more or less independently. Such a sys. m would 

have the effect of pre-whitening the input signal, which is 

desireable on a more  theoretical  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 

Sik.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 modal has successfully been used as the 

basis of several speech analysis-synthesis systems (vocoders), and 

has some physical basis [7]. It leads to the two dimensional 

multiplicative filter shown in Figure 15, which compresses S(k,n) 

when Hlfn,fn) has low frequency gain less than one. A 

compression-expansion syctem for the time waveform s(n) can now be 

constructed by adding the necessary transforms between the time 

signal and S(k,n). The resulting two dimensional 

compression-expansion system is shown in Figure IG. (In Figure IG, 

STFT represents the short-time Fourier transform, 2.7, and Yk'o 

represents the reconstruction equation, 2.8.) 

The system of Figure IG is similar to that of Figure 14, but a 

new theoretical problem exists. Figure IG 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'Mk.n) 

is not in general an identity operation.  Houever, as discussed in 

Chapter 2, S'Ck.n) will be approximately equal to SMk.n) so long 

as changes to SU.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(fR,fk) and 

H'Mf«, fj, can differ from unity only in the low frequency region. 

This is consistent with the aim of compression and expansion, and 

accurate reproduction of log|SMK.n)l 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 

expansion with a homomorphic system like that in Figure 14. 

5.3  Comparison of Two Dimensional and Hornorphic Compression 

The two dimensional system of Figure IG will not in general 

lead to the same compressed signal envelope as the homomorphic 

system 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 the signal spectrum has increased by a factor 

b. He compute the ratio of the final power of the compressed signal 

to its initial power, anc compare the ratio for the two systems. 

Assuming that the initial and final signals are locally 

Dtationary, the power can be estimated from the square of the 

signal.  In the homomorphic case: 
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(5.B) 
R, - P^P, - (efVev

2)p. 

(5.7) 
R. - (1/2 + b/2)'. 

Ecuation 5.7 uas obtained using Parseval's theorem and the Known 

signal spectrum.  In the two dimensional case: 

Pj - IU ItU+Ul«, 

- 2U  I2K E^(k.j)•V{k.j + l)•exp[iO.(j+U3l^ (5.9) 

- ZUIW lE'(k.j).V(k.j+<)ll. (5-10) 

p, - im iE«(K.j)r • zu ivd*.]^)!1. (5-11) 

The absolute square can be taKen inside the sum in 5.10 because 

EMk.j).V(k.j).e><P(iOkj) are approximately nonoverlapping band pass 

signals, and therefore the cross products in 5.9 sum to zero uhen 

time averaged. Assuming that the time average behavior of VU.n) is 

the same for all K. we obtain the desired ratio. 

R, - P,/Pi - UM lEl(k.f)l')/(Sr5 lE'lk.i)!")       (5.12) 

(5.13) 
R, - 1/2 + bV2 

Figure 17 is a plot of the ratio R?/R4 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 a sensitive 

function of p. They show what might be expected on a physical 

basis: the two dimensional system compresses the signal more uhen 

the energy is concentrated in a norrow frequency band. This effect 

was observed experimentally. 
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B.4 Experimental Results 

Two experirrents wert! performed with the tuo dimensional system 

of Figure 16. The experiments uere intended to simulate 

transmission of speech through an analog and a digital channel. In 

both „ases, the results were judged by comparison with a similar 

homomorphic system. 

A 20.0 msec hanning uindou was used for the short-time Fourier 

transform to provide maximum frequency resolutlcr, consistent with 

time direction compression below about IF I-..:. The linear filter in 

the compressor had a unit sample response equivalent to the 

continuous function 

Mk.n) - SU.rJ - 0.75-w(k.1r (5.14) 

w(k,n) - A-[.5f.5-cos{nK/3'j^ ] • [.5+.5«cos(nn/.04) ]  (5.1b) 

-.04 < n < .04 ;  -390. < k < 3S0. 

where t is in seconds and k is in Hz. A is a normalizing factor so 

that the area unaer w(k,n) is unity. This resulted in a high pass 

filter with transitions at öbout f„ - 13 Hz, fkal.S msec, and a 

low frequency gain o* C.25. The iipulse response was specified 

rather than the frequenci. response beca jse a smooth impulse response 

was essential to accurate expansion. The filter in the homomorphic 

jystem used for compariscn was 

h(n) - S(n) - 0.75-B-[.5+.5-cos(nn/.04)] (5.1G) 

where B is agair. a normalizing factor. 

An analog channel was simulated bg aoding gaussian distributed 

white noise to the compressed speech, s'(n), at levels from -3G dB 
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to -12 dB. The level of the noise uas referenced to the peak 

compressed signal energy determined by averaging the squared signal 

uith a 50 msec hanning window. The peak power occurred at the same 

place (during a vowel sound) for both homomorphic and two 

'iimensional 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 

s'^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 two 

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 by 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 21. However, flattening the average speech spectrum by 

preemphasis at B dB/oct above 400 Hz prior to compression and 

complementary deemphasis of the output signal improved the 

performance of the homomcrphic system by only -v 3 dB. 

A digital channel was 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 • • terns, the compressed speech was 

scaled so that the peak signa. „i$ equal to 2n'1, 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 [25.2G]. The dithering signal 

used was uniformly distributed pseudorandom noise, with peak 

magnitude equal to 1/2 quantization 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 honcmorphic system. Noise was first audible in 

the output of th^ two dimensional system with four bit channel 

quantization, compared tc seven bit quantization for the homomorphic 

system. For comparison, quantization noise was first audible in the 

uncompressed signal at nint? bit quantization. (Fifteen Dit 

quantization was used for the input and output speech.) The apparent 

loss of G dB signal to noise ratio compared to the analog 

experiment, based on the "G 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 indistinguishable from Figures 18 - 21. The same is true 

of listening tests. 

MMMMMBMMMHMMaMMiaMMMMMMMHHMatMMMaBabMMMMHn^KMaaaMIMaMMM^^^MMtlM 
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a*v 
log 

loglvl -f loglvi P'loglal + loglvl 

£v 

exp 
e'«v 

FIGURE 13 

Homomorphic    filter    for   compression   or   expansion   of    acoustic 
signals. 

FIGURE 14 

Homomorphic  conipre3sion/expansion  system  for 
acoustic signals through a noisy channel. 

transmitting 
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loglEI -i- loglVI 
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E'.V 

FIGURE 15 

Two dimensional  honcmorphic  filter  for compression or expansion 
of  |S(k.n)l. 

^   COMPRESS 

FIGURE 16 

Two   dimensional   compression/expansion   system   for   transmitting 
acoustic  signals  through a noisy channel. 

 ■■     —-■——--■—-■■ ^m^M.u^^^^^^^^^^^^^-^^^-^^^a^^ ■-- -   -■      -    ■         -  -    - ^ . ^_ 
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R^R. 

-6 -4 -2 

FIGURE 17 

Comparison of homoncrphic and two dimensional compression. The 
curves show the ratio of two dimensional compression to homomorphic 
compression, R/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 1/4 of  the spectrum,   as labelled. 



(a) (b) 

(c) (d) 

FIGURE 18 

Compression and expansion of speech usmp a homoiaorphic 
system: (a) original speech, (b) comprersed speech, (c) 
compressed speech with noise Pdded, (d) expanded output 
speech. Each picture represents one second of speech. 
Channel signal to noise ratio is 12 d3. 

UZL  



(a) (b) 

(c) (d) 

FIGURE 19 

Conpression  and  expansion  of  speech  usnc a   two 
d i-nensional system: (a) input sneech, (b) compressed speech, 
(c) compressed speech with noise added, (d) expanded oatout 
speech.   Each      picture  represents  one  second  of speech. 
Channel signal to noise ratio is 12 dB. 



(a) (b) 

(c) (d) 

FIGURE 20 

Comparison of output apeech 
diTionsional systems: (a) input' 
(c) noniOTiorphiG system, (d) two 

for hono-norphic and two 
speech, (b) no compression, 
diTenSiOnal  system.   Eacli 

picture  represents one 
noise rat. ID is 12 dB. 

second of speech.  Channel siTal to 

;, 



(a) 

(b) 

FIGURE 21 

opectrorrams of output speech for honoraorphio  and  two 
diTensional  s y s t e n s:  (a) input  speech,  (b)  honoTiorphic 
systen, (c) two dimensional syatex.  Channel 3ie;nal to noise 
ratio ]1   60. All  three spectrocrans  have  been  scaled 
6 db/oct above 400 Hz. 

I 
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FIGURE 22 

Quantizer used for digital channel simualtion. 
quantization is shown. 

Three bit 
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CHAPTER G 

REHOVAL OF LOCALLY PERIODIC INTERFERING SIGNALS 

6.1 Removal by Spectrum Estimation 

Cases arise where speech intelligibility is degraded by locally 

periodic signals. Electrical interference in communications 

channels is sometimes oeriodic with many harmonics. Aircraft 

cockpit 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 with engine speed. For times of the 

order of seconds, however. thei>e signals appear periodic. 

The short-time spectrum of periodic signals is characterized by 

sharply 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. [273 for 

blind deconvolution. in which the actual spectrum of the noisy 

signal is replaced with a prototype spectrum obtained from 

undegraded speech. The advantage of this approach is that precise 

knowledge of the frequency anc. harmonic structure of th3 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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a»(k,n) at   (2L-t-iri2U IS(k,n+l)l2 (6.1) 

uhere the length of the time average is determined by the stationary 

time of the interfering signal. The estimated spectrum in 6.1 uill 

have two components, one due to the interfering signal and another 

due to the local average speech spectrum. If the averaging time is 

long enough, the local average 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(k)/0(k.n)]1« (6.2) 

where P(k) is the prototLpe spectrum. 

Equation G.2 is the square root of the Uiener filter which 

would be obtained if we modeled speech as a stationary random 

process, uncorrelated uith 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 G.2 only restores the magnitude of the short-time 

transform, and portions of the transform which were dominated by 

noise 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 G.2 is therefore replaced with 

H(k,n) - [P(k)/(D(k,n)]' (6.3) 

where p is between 0.5 and 1.  It 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 ana distortion of the underlying 

speech. 

G.2  Removal by Two Dimensional Filtering 

The short-time spectrum can alternately be restored by two 

dimensional filtering of log IIS (K. n) |J1 . This approach does not 

require a prototype speech spectrum, and so may be useful when the 

stationary time of the interfering signal is relatively short. 

This approach is based on the fact that low pass filtering of 

log l|S(k,n) I'} ir the time direction is equivalent to estimating 

loglO(k,n)l by a weighted time average of log IIS (k.n) I'l . Spectrum 

estimates based on time averages of the logarithm of the local 

spectrum are biased toward stationary spectral components C27]. 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 ik axis. If the interfering signal has appreciable harmonic 

structure, features in :he Fourier transform of log US U. n) I'l due 

to the interfering signal lie mainly oeyond If», - T, where T is the 

period of the interfering signal. Features for |fj < T are 

primarily due to the local speech spectrum. The spectrum of the 

interfering signal can therefore be estimated with a filter Lif^.fJ 

uhich isolates compcnenvs near the f, axis for |fkl>T. Such a 

filter is shown in Figur.» 23. This filter can be implemented quite 

officiontly, since its frequency response (and impulse response) are 

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

filtering   log USU. n) I')   with 

H(f,.f.)   -  1   -  P-Uf^fj. l6-4) 

uhere  p   is  a num ter between 0.5 and  1   analogous   to   the  pouer   in G.3, 

G.3    Experimental  Results 

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 transform of the degraded speech was 

calculated with a 102.4 msec nanning window. A longer window U200 

msec) would nave better resolved the interfering signal, but the 

length of the winoow was limited by computer memory requirements in 

the implementation of thl short-time transform useo here. |S(k,n)l 

was modified using G.3 with p-0.75. and an averaging time of one 

cecono for OU.n). The prototype was obtained from a different 

cpeaKer. 

The time waveform and a spectrogram of the degraded and 

restored signals are shown in Figure 25. The interfering signal is 

greatly attenuat'u. exce;. near places where the frequency of the 

interfering signal changes. The resulting speech is intelligible, 

and  is  sufficiently natural   that   the  speaker  is recognizable. 

ISlK.nH was also restoreo by filtering log (IS (K, n) IM as in 

C.4.    with   p-0.75   and   a   cutoff   frequency   fR-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   quite    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 log USlk.n) I1} was also applied to removal of 

electrical interference from several tape recorded signals obtaineo 

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. 



FIGURE 23 

Frequency response 
interfering  signals. 
passbands are along the 
not to scale.) 

of filter for removal of periodic 
The origin is at the center. The 
fK axis for ffc >T .  (The picture is 

FIGURE 2U 

Original (undegraded)  speech  used  m  experiment  on 
removal of locally periodic interference shown in Figure 25. 

■ ■ 
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(a) 

(b) 

(c) 

FIJUKE 2 5 

Removal  of  locally  periodic  interference:   (a) 
degraded  with  square  wave noise, (b) restored by sp 
averaging (c) restored by two  dimensional  filtering. 
three spectrograms have been scaled 6 dL/oct above 40C 

{a )   speech 
spect run 

All 
above 400 Kz. 

. 



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 '.he expense of computational complexity, 

but the computing hardware exists (e.g., fast array processors) 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 were 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 harmonics will have 

nearly   linear   phase.      The  phase   time  derivitive,   therefore,    should 



B7 

have appreciable high froquency components only uhen the short-time 

transform is locally dominated by noise. Techniques for detection 

of Ffl signals in noise might even be applied to separate out the 

component of the phase due to the signal and reject that due to 

noise. 

Locally periodic interference liKe that discussed in Chapter G 

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 random. 

Attenuation of the interfering 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 bandwidth, while the ear is more nearly 

constant Q. The potential advantages of a constant Q transform were 

also observed experimenially. For example, in background noise 

removal, narrower bandwiths could be used to better resolve low 

frequency components, since the low frequency harmonics change 

slowly with time. The s.ame is true for analysis of any signal with 

harmonic structure - increasing the bandwidth with frequency would 

provide more nearly optiirum resolution of the entire spectrum, since 

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 tne results obtained here, 

and would make possiblt; detailed studies of the perception of 

acoustic   stimuli    similar   to   tnocr-   uhich   nave   been   done    for    the 

 '  
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visual   system   [28]. 

One application of time/frequency processing not considered 

here which appears especially promising is hearing aids for the 

deaf. A largo number of persons uith 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 indicate that frequency dependent compression 

based on the changes in threshold of hearing might be more 

effective,   particularly in improving  speech  intelligibility. 

  



APPENDIX A 

A LiniT ON THE UNCERTAINTY PRODUCT FOR THE SHORT-TIHE SPECTRUfl 

In this appendix, a relation it 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.    Ue define 

A't  -   S.ZS.Z   (t-t0)MS(u.t)lJ dudt   , (A.l) 
S.ZS.Z  ISiu.t)!1 dudt 

A'" -   S.ZS.Z   (J-U0)
,-|S(U. t)!1 dudt   . (A.2) 

S.ZS.Z  ISIu.t)!1 dudt 

It  will   be  shown  in   this appendix   that 

AtiAt  * 1. (A.3) 

The short-time fourier transform is defined [1] 

SCu.t) - S.Z   f (x).m(t-x).exp(-iux) dx (A.4) 

- (2n)''j::: F{Vt-u)-im).exp(iXt) d* . (A.5) 

The short-time spectruM is the squared magnitude of the short-time 

Fourier transform. Equation A.5 is obtained by viewing A.4 as a 

convolution, and using th«-. convolution theorem to rewrite it as the 

Fourier transform of a product. F(u) and n(u) are the Fourier 

transforms of   f(t)   and m(t). 
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First, the denominator of A.l and A.2 are evaluated using 

Parseval's theorem and the above definition. Ue will use the 

notation ||g|| - J.Z  ig^)!2 dfi • 

J::J:: is(u,t)i2 dudt 

■ 2nj::j:: |f(K)|1.|m(t-x)l2 dxdt 

- 2n||flM|m|| (A.6) 

S.ZS.Z  ISiu.t)!' dudt - (2rt)-'l|F|H|n|| (A.7) 

Ue now evaluate u,, ancl t0, again using Parseval's theorem. For 

timplicitu. it is assumed that the window is real and centered in 

time. 

to -  S.ZSZ  MSCu.t)!1 dudt (A.8) 
2n||f||-||m|| 

- S.ZS.Z  t.|f(K)|,•|m(t-x)|, dxdt (A.9) 
llfll-llmll 

- S.ZS.Z   (t+:<).|f(x)l,-|m(t)|1 dxdt (A.10) 
' llfll-llmll 

- S.Z «•If««)!1 dx (A.11) 
llfll 

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

centered. 

"o - 2nj::j::  u-|S(u, til2 dudt (A.IZ) 

iFii-nnii 

- S.ZS.Z  u.|F(X+u)|!.|n(X)|2 dud^ (A. 13) 
iiFiMinn 

- S.ZS.Z   (u-Ä).|F(u)lI.|n(A)|2 dudX (A.14) 
HFii-jinii 

- S.Z u•|F(u)l, du (A.15) 
l|F|| 
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We are now in a position to evaluate A1*» A*" in terms of the signal 

and the window. 

A't ■ S.ZS.Z   (t-UMHxH'.lmU-x)!1 dxdt (A.1G) 
llflMNI 

'  S.ZS.Z   (t+x-t0),.|f(x)|J.|m(t)l, dxdt (A.17) 
llfll-llmll 

'  £ZSZ   Ct'+Cx-toJ'l-lf (x)|2.|m{t)lJ dxdt (A.18) 
llfll-llmll 

- Il(t-t0).f|| + lltmll (A. 19) 
llfll Inill 

The cross term from A.17 integrates to zero - see A.11. 

A1« -  S.ZS.Z   (a-u0)
,•|F(X+u)|,.|^(^)|, dudX (A.20) 
riHinii 

- IZS.Z   [(u-u0)
,+A,].|F(u)|».|n(X)|I (A.21) 
iFiMinii 

- ||(u-u0)F|| + ||un|| (A. 22) 
IIFII linn 

Introducing   the notation 

A2g - IM-o-*.,) till  . 
Ilgll 

we can summarize the above results in a concise form. 

A't - A'^ + A'"' (A.23) 

A1" - A'P ♦ A1" (A.24) 

The fact that the time and frequency uncertainty of the 

chort-time spectrum can be decomposed into the sum of the 

corresponding uncertaintij 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'"Aat, but to minimize the portion due to the 

window. Equations A.23 and A.24 suggest the use of smooth window 

functions   like   the gaussien which minimize   A^A2^« 

Inspection   of   A.18   and   A.21   show   that   minimizing   the   product 

A'^A't   is equivalent   to minimizing  the uncertainty product   for   the   two 

dimensional,   separable  function  f(x).m(t)   and  its Fourier   transform. 

The  result   is  a  well   known  property  of   the   two  dimensional   Fourier 

transform,   most  often encountered  in quantum mechanics   [16]. 

(A'f+A'mMA.'F+A'm   fc 1 (A.25) 

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

yaussians with the same variance. 

f(t) - A.exp[-(t-t0)V2a-2]-eKp(iu0t) 

ni(t) - B-exp^t2/^) 

it 



APPENDIX B 

KXPERiriENTAL METHODS 

B.l    Computational   Information 

The experiments described in this paper were performed using a 

general purpose Digital Equipment Corporation PDP-1D computer, with 

G5.53G 36-bit words of memory. The main programs were written in 

FORTRAN. but made use of some assembly language (MACRO-ID) 

subroutines to speed up repetitive operations. All calculations 

uere done with floating point arithmetic. Magnetic disk storage 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 

PDP-10 are 5 and 11 microsecond, respectively. A quite efficient 

assembly language sub-outine for the Fast Fourier Transform was 

available, which required 42.Kiofl?(K) microseconds to compute the 

discrete Fourier transform of a < point complex sequence (e.g.. 2048 

point   sequence   requires   -1   sec).      This   subroutine  was   used   with   a 
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FORTRAN implementation of Portnoffs method [15] for calculating the 

discrete short-time Fourier transform and its inverse. 

The short-time transform with a hanning uindou uas 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 equation 2.14) dependant on 

the number of frequency samples in the short-time transform. The 

transform time is increaoed when the window is augmented with ^eroe 

to minimize aliasing, as for two dimensional compression and 

expansion in Chapter 5. 

The local Uiener 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. 

B.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 anplifiers, and a 15 bit analog to digital 

converter. The speech was prefiltered at 4,000 Hz, and satnpled 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 unre placed oacK through a IG bit digital to 

analog converter, and filtered at 4,000 Hz. Critical listening was 

done uith <0B6 PRO-AA headphones. Signals could ale.o be reproduced 

uith Bose 301 loudspeakers. 

B.3 Spectrogram Displays 

The spectrograms in this paper were produced with 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, so that the intensity of the light reflected from 

the picture is proportional to the signal in the computer. 

The spectrograms aru 25B X 512 point displays of the magnitude 

of the short-time Fourier transform. The magnituoe 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 Dy G dB/oct above 

400 Hz to remove the natural high frequency rolloff of speech. 

Uith the exception of Chapter 4, all spectrograms in this paper 

were made by reanalyzing the processed signal using the same uindou 

as the process. Those in Chanter 4 show the modified short-time 

cpectrum directly, since a modi^'.ad signal was not synthesized. 

The speech shown in the spectrograms was that of a male with 

relatively low pitch. For this reason, the spectrograms sometimes 

show intermediate resolution of pitch where temporal structure and 

harmonics are simultaneously visible.  This is evident in the word 



"man's" in Figure 5(b), for example. This had no significant effect 

on processing since only inu frequency components of the short-time 

spectrum were  modified. 
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