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Abstract
Stress Is: one of the key components in human speech perception. Its
uses: extend from me phonetic levelover the le>: ical to the syntactic and
semantic level. Several methods have been developed in me past to
dCICCl Stress automatically from the signal. This paper takes a pattern
rccognitlon approach to the the problem of stress detection. The
algorithm presented has three key features: (1) optimal combination of
the evidence obtained from the acoustic correlates of stress Is achieved
by means of a Bayesian classi fier assuming ntlihivariate Gaussian
distributions; (2) the etgortthm detects lexica l stress in continuously
spoken English utteran ces; (3) ruthe r than making hard decisions, the
algorithm returns probabilities for each syllable, i.c.• a measure of
stressed ness. The algorithm was tested over 4 databases of di fftrl.n~

continuousspeech da ta. Whcn a forced decision is imposed by setting a
threshold at stress probability 0.5. error rmcs of 7.79% to 14.85% missed
Sl.IcSSCS were Obtained. Unlike in other languages (such as Japanese).
.trttpllrode integrals are the strongest prcdlcror of Engl iSh Stress.

Performanceresultsand an analysis of errorsarcpresented.

1. Introducti on
Stress has repeatedly been found to be an extremelyimportant factor in
speech pereepuon. Stressed syllables are usually the best articulated
syllable in it word and thus could provide islands of phonetic reliability
(1. 2). Willi a decrease In degree of stresscdness (c.g., reduced syllables
a[ higher spealdng rates) all VOwels appear to move towards a neutral ,

central schwa-like point in FIIF2·space or ate deletee! altogether.
Stressed syllables in a large EngliSll dictionary also carry more
acoustically discrirrunetory information than unstressed syllables (3)and
thcrcf{II'C pmvldc nor (mly cK1JIl."11c rt>l!ilbilily. bUl !llso more
d lst rim in.1tllry inlimtmlio l1 content. Mtlrcm'C'r. in sen tence context.
content words. I.C'.. "Important" words earryiug most of the semantic
infurmc1lilm con tent of n sentence. are mostly stressed. wllile funcnon
words Ianlclcs. ccnjunctlons, possessive dctcrmlncrs . ctc.) tend (0 be

unstressed or reduced. In Engllsh. word-level stress is free. l.c.. its
position IS !lI l t fixed within the word, SLIeSS could rhus also he used es u
ccnstratm for lexical access. This latter property has in fact been
demonstrated to be of potcntial value for WIlI'd hy'puthcsil..iltiun in

ThiF r~carch was sponflOrc:d In p:1!'t by thB i'>:l.li(JIl:l. ! Science ~·our.dl1lion . Gr.IIl\\
;>.1 CS·78.2:SB14,1.;'ld in ~rt by lilt l~fCI'$ Adv3n('...d R.:.."C.lI ..~h J )fQl~S A£CllCY (1)01»,
ARPA Order !'\Q, 3597. mOI\!to rc:d by the Air I··ortt AVloo i(l; LaIJMlI OfY \ln d~ r C(Jlll.r;tcr.
8361.5·71\·( · ) S~1,
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of stress information, Speaking rate and the correspondi ng

apptlcebuuy of phonological varleuons such as palatellzattcn. gfouul
Stop and pause insertion. flappin.!l. etc. can be best predicted by the
intervals between stressed s}'llablcs, the so-called lr ncm rcss

lntcrvnls Pl. Slncc f..ngHsh is said to be a srrcss-tfmcd language. these
lntcrstrcss intervals arc approximately isochronous and their duration
determines the rate or speech. Signiflcant deviations from ccse
lnterstress Intervals tYpically indicate major syntactic boundaries such
as phrase toonoeoesor clause boundaries [I].

2. A coustic C o r re lates of Stre s s
Although the importance of the percept of stress in speech perccpncn
and speech recognition seems inluitivcl)' clear from the foregoIng
discussion. the acousttc manifestations of stress have been the subject of
debate and appear to be language dependent. Various perceptual
studies have found pitch to be the most salient correlate of stress in
English, Conversely, measurements of acousrlc felltures in word pairs
thal dIffer only in StfCSS pattern (CONvict/ conV1CD indicate cha t the
amplitude integral is the strongest correlate of stress, (For 3 good
review see Lchlste (6] .) Nevertheless, in COntrast CD other languages
such as Japanese (Where only pitch accent is systcmadcalty used (7]).
Enslish has been fbund [0 usc all of the above acoustic features as
correlates of stress,

In the experiments described In the follcwtng, these pred ictions and
observationswillbe reexamined to arriveat an optimal automatic stress
detection algorithm. Rather than relying on manually set thresholds.
we w1ll then use an automatic learning algorithm to obtain an optimal
combination of these acoustic correlates for automatic stress detection.
Results of extensive evaluation of over 2850 syllables from conunucusly
spoken sentences willalso be given below.
3. A u tom atic D e t e c tion o f Stress
The 1lI1ti(1ll tlf stress or 1)f'()J1 tiIlCllt'C [s "(l mnmlvc til:!l lhis Ih:qllC'nl/y
clouds the filet (hilt illlWlIl:ltic stress detection iL'OClf is .l dlffkun
problem. Several .1 u.e frl ~lL" have been made ttl nuturnatlcally detect
S(I'C:lo"1l in spoken FnSlish. R cspct~blc performance was achieved for
isolated word SU'C:'S detection by Lieberman in 1960 lSJ lind 1\ 1l1J(51.
Le"' l1) r"pom good perrorJmmce fm il C<,Jl1tinUOlIS speech strcSs
c1l!lct'lion a!gorithtn. In the following sectionS we will atlCl1lpt to
constf\/cl a slrc!\s delection illgorithm O1.i,t {~pC'm tes un comi ntm US

specch, ~ ttempt~ {I I detect lC'xic i.ll Strt~. ,lIld m;.,i~n:- II pi"ohahll i{ ~' \If
Slt~edll C'sS to all syll ill">lC's. 1\ l)<l ll l.: ro rCl"usnilion i.IPD1'O;Ji.."h is :-.(Jopted
10 optImally combine l arious t'o=awrcs (p:lrametc~ acting as cOrrclates
of Stress) into onc minim\lm-crror s [r~ed:s}'l1ilh l e cl <J~!\irI C'r. SiJlce mis
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approach departs In various W8}'i from prC\iOU5 sys tems we will sum by
11" 1 rccxami nmg the IICOllStic ccrrcincs ofstress found in our dilWOtlSe
of continuously spoken Sl:n!eIKCS, These arc intensity, duration. phch.
and spectral change. For urs anelysls as well as for the final sucss
detector a database of 50 sentences (Harvard sentences) read b)' 5
speakers (3 male, 2: female. reading 10 SCn1en~S each) was used. tach
sentence was labeled according to Hurt coarse phenetic classes:
silence. fricativ and ..ocalic. Inaddition. syllableboundariesand stress
labels wereadded to these label files. AllStTtSS labels ....'ere lexical stress
labels as Uldi~lcd by a dictionary or as derived synthetically by rule.
Only 3 levels or stress ....ere used: primary stress, secondary Stress, and
unstressed, This labeling scheme, of course. ignores sentential stress.
emphasis. phrase level phenomena, rhythrnic/ syntaetkJ sernantic
phenomena, th:al ell do Indeed playa significant role on the actual
realization :I(1d perception of stress in spoken English sentences. In Ole
following. each of the 50 utterances W<l$ aUlomatically segmented intO
syllables. For each syllable a particular feature was measured and
pOOled into the messed or unstressed category in order lO compute
histograms and class conduonal probability density functions of a
given feature for stressed and unstressed classes (secondary stresses
were considered to he stressed). 1n this fash ion a training database of
244 stressed syllables and 238 unstressed syllables was obtained, To
achieve nearly Gaussian distributions, each feature is offse1 by a
constant (to assure positive numbers) and the natura) logarithm is
taken. The reSUlting di$uibuliollS will be presented for each feature
individually in the following subsections. Pattern recognition principles
will then be applied to combine these features in a Bayesian classifier.
assuming normaldistribution of thecornponem features,

3 , ' . Features fo r Stress Det ec t lon

Elle(9-~'. luudn~.. ,lnd .tmplttude h;t\e!l li been So.lid to currcl.newith lhl'
percept uf-aess. Severt..I expl·tlrI1Cm"l11Jwere conducted 1n determine
'Nh.11 llle mt~l useful mcaxurc or ampthudc could be to obtain best
scparabrlity between ':;!l\'sscd aml unstressed syllables. includIng
UI'CluN(' pcak-tc-pcak arnplhudc mer UIC' C).tcm or the iiLJIIOraJII port km

or each s)'Ual1le. the (J1'f'rQfU' peas-to-peak amplinuk river the extent of
the ent ire !'yll,tble. the 1I1C1.~ lll ru/ll peak-to-peak amplitude Oller the
cxtcm I)f the CUI/ ire syllable und the integral or the peak-to-peak
amplitude over the extent of tbe Sunurulil portion of each syllable, For
the"yU;lhlC" in our training database. the best scp:lr.lbility w~ achieved
b> t he integral nf thc peak-to-peak amplitude O\1.' r t he soncrantpcnion
of the syllable. in good agrccmcm ..... ith other studies18), Fig. 1 shows
the J>DFs for the jogarnhm of this intcgr;:ll for both the stressed and the
unstressedsyllables. 'n,edotted cun'cs show the approximation of the
PD~ by a Ga\JS,...i;ln dismbutioll (witl, me<'n and v;lnnnce CStim~ted

from th~ LTainins datll).
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To providethe pnch measurements. a feature based time domain pilCh
tracker[l lJwas used. A post-precessingd ean-up routine was necessary
to remove irrelevant variability in the origLnal pitt h contour due to

pilCh tracser fallurct, segmental effects at COnsonant boundaries. or
voc:a\ fry. In lhis routine. all pitch values obtained in unvou;ed rtglonS
wtre firil sel to zero, Nexr.. pitch valueS With more lhaD twicc Or leSS
Ulan half the average Fundamental frtquency are considered unreliable
(pitch cracker errorsor vocal rr)') and are ignored. Spurious outliecsarc
thcn removed u~i ng 5-poil1l median smoothing, FinaJly. we wished to

express the fall/rise movements at the !:)'Ilabie level undisturbed by
segmental efftcts (tis. for example, encou nt~red afler the.release QrstOp

consonants). short pitch dips or peaks. or overall dec.liMlion, Towards
Ulis goat. a be$r'fH linear approximation of the pitch contour iDeach
syllabic segment \\las COtllputcd USing a linear regression. Carc was
taxen LO exclude pitc:h pulses during mc first 15 mso.: of a syTIable to
avoid perturbations d llC to segmental effecl.'>. In addition. a linear

Flgure A, I,)Df or Average Spectral Change

Fi:;:;ure 3.PDF ofPiteh Maxima

fi gure 2. PDF of S>'Uable Duration

Three separate measures of duration were taken: (l) the duration of
t he sonoram portion of the syllable in qucsucn. (2) the duration
between syllabIc boundaries defined by [he onsets of lhc soncrams of
consecutive syllables), and (3) the duratlon between syllables defined
by the onset of the consonant (cluster) prcccdmg thc syllabICnucleus 10
quesuon. l'he test separability was obtained by the second

measurement. i.e.. the dUTil:uons between synabl~ defined by \he onsc.\
of their syllabic nuclei 191, 'Ib c PDFs corresponding to lhis measurearc
shown in Fig. 2.
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rcgrcsstou over the r itch values of un cruirc uncraucc .... ali conmurcd ,IS

a measure of dcctlmnlon 11 2), 1\11 m e ,ISUI\:S th:JLwere tried ,tS ro.urrcs
fhr stress detection were extracted from 111{'SC short syllable line
segments and normaltzcd hy cvcretl dcctinuricn. Extensive
experimentation suggests Ulat thi!> provides robust cstlmetcs of U1C local
pitch vartauons in continuous speech[9]. Stress is [yj1iC<lll}'
ecccmpancd by an lncrcaso in pitch ~s well ,IS a rising nud in sorne
cases also a falling COntour. Several measures mi,glu be suitable to

capture the essential ingredients of stress. 'l'hc specific measures of
pitch tha t ......ere tested include ( I) the J!ope llnlj the llhsolute vatuc of the
slope. (2) the max imu m ~'/l JlIe, 0 ) the ' I\'emge vetuc . ,JI)d (4) the offset
between pilch values from the previous syllable ILl the onSCI of t he
cu rrent syllable. The most promising measures were found 10 be the
pitch mauma and (anI)' slighlly inferior} thc pioch uff$Cl. Fis. 3 shows
the PDF for pitch maxima.

Finally.average spectral change has been reported elsewhere as a useful
measu re for stress detectionIS]' This is based on Ute obscrvauon IDal
stressed syllables wtll be dominated by slcady state vocalic ponlons
rather than by short, rapidlychanging, transitory vowels. As a measure,
spectral change was averaged over Ute scncram portion ot a syllable
nucleus. The resuldng disaib utlonsan: shown in Fig. 4.

3 .2 . Co mb in a tion 01 Peat u res - Oplim.;ll Stress Det ection
We:. will now eucmpt to combine the features we have discussed so far
in an optimal clsssfficr. Based on the distnbuuons obtained in the
previous sections It is reasonable to assume normal (Gaussian)
distribuucns of the features, The general approach. therefore. is to usc
a classical minimum probebllhy-cf-crror decision role (]3). where we
assume that the join~ probability density function of the featu res (the
measures discussed above) for a class i (in our case. i ;;;;;; 0.1(stressed or
un strcsscdj) is a multidimensional Gaussian distribution with known
mean vector lolj and covariance matrix ~i' Let x be an N-dimensional
vector representing Ute measurements we have discussed above as its
clements, Then the N'dim cnsionat Gaussian density function is given
by

p(x) = (2.rNI2/Er'l2 exp f'll2(x-~ ; ) E, - l (x -~; )J (I)

Assuming this dislribuLion, minimum-error-rate clas.siflCiuion can be
acl1ieved using lile diSCriminant function 113]

8;(x) " ' 1I2(x.~; );-I(x ·~ I) · Nl2log2. (2)
- ll2 log!E,! ... 1081'(";1

Thc decision rule which minimiz~ the ptobabililYof error is that the
sample dCSC"ribed by the fealure vector l[ should be assi,gned to the , lasS

I, which maximizcs gl(x}. In our S"implc C<t5C:. i ;;;: 0,1 (slressed uf
unsll'C'Sscd). and our de, isitll1 rule ~ impl y ."<I )I~ lh ,lt .3 s}'lb blc wid'
ft'Jlure '1c:.clUr x is calleti .sl rc ~s{"d if g(x),Ut.bcrl >ill ~ )mal,l3SCtI : ()[hNwisc
it is Called un!itrc1!~C'd. In our CilSC, Eqll;Uj OIl ~ c..'Ul be simplified. First,
we as,ume that stresSCd :md ~ln strcssed ~JlIables "I'e ~quall y likely to
occur. Th is 3s~U1nPtI()n holds tfue fut (Jllr lralning dilta. 'n le I) ill.~ i ng a
prior i ProbOlhi]i liciiP(""i) loI'illlh crcrore be the Sil.lTle for bUlh clas.."es, i.e..
0.5. Sccond. thc feature vc:.clor x desclibing; a t hcD syllable will hD.ve
the same dimensionality N, 1't."1\<l rdlc.'\'i of clC\SS. Thus. since our dccision
depends only on IDe r-elaliw! rll 'l{!.n ilUde uf the diSt.; rimin<l nt functions
gj(x), we C.1Il rewrite EquJlion 2 as

8,<x) ~ - (x -~I)EI' (" ~;l- loglE;1

In thiS, fashion. we achieve a ccmblnarion of the features described in
the previous sections lnto onc ctasslflcr aimed ill optimal dcclslon
between stressed and unstressed Syllables, ~~ ()bab i lit~ of strcssccncss
can be computed a:co rding to Equation 1. In the next section we will
repo rt u se ries of experiments tha t invest igate various ccmblnatl cn s of
features and report the resulting rcc ognltton accu racies.

3.3. pe rt crm unc e Evalu at lon

Plpilll Syldur FOmax A"eSJXIl Missed Extra Ave.Err.

x 10.98% 18.03% 14.42%
28.54% 12.79% 20.86%

x 18.36% 46.15% 32.21%
x 26.35% 19.08% 22.80%

x x x 09,98% 15.30% 12.58%
x x x x 08,98% 15.72% 12.27%

Table 3·] : Stressed Sylla!;)le Classifiers Using Various, Features
(test) database # 4

Each of the measures described above wasev aluated in the framework
of a minimum error classifier. Detailed performance rcsulu of various
combinations of features and. de tailed error enelyscs arc described
elsewhere f9]. We will here only summarize performance results using
combinations of the most useful measures. Pour databases were used
for evaluation;

1.The first is the trammg database Itself. which consists (as
previously described} of SO Harvard sentences, read by five
different speakers (3 male. 2 female). each reading 10 different
sentences. This database yields a total 482 syllables, 244 of which
were determin ed by hand-labeling to be stressed and 218 to be
unstressed.

2. The second daurbasc used is the r':nmiJ 1.i15k. ",hid\ r.;on:;iM,s of (I

sets of l:l sentences CHell (;I Wl<'1J of 4S'scntcnce:,), bell sentence
was read h~ i l ditl"ercnl ~peij ke l'. l)I,IC to fll'or rccorotns
ccndntons ti sentences M e unusable. lC'I\'ill!]. 42 sentences Ibr the
evaluauon. These 42 sentences res ulted in 431 li)' ll.lIJlcs, :!Ol or
....."llich were dctcrr ul ncd by h,md·hJhels to be ~t re!lSed iind 229 Lo
be unslrc:;,~d,

3. ' I"he third dil lilbll~ is giv::-n by lWO ~p<l ra lc rC3di llgs of the So1me
50 Ht\rvDrd !>C'n tclIceSv. e hnd used (ilr training (with c.:J.eh !tpcakcr
il,gain rCildlng 10 selllencesJ. This d;Jt:lhaSc wa~ !:wnl:r:!tcd ::tllcj

h&nd-lilhcled <It thc MIT l~ cSCill"Ch l.llburiltOry of H I C'l: t t 'o :l ic ~. 1l
present:; diltaproduced by differcnt speakers i1nd untiel' diffcrellt
recording condilitms Ulan' those 1Jscd in traIning. '[1\is d<l labasC'
yieldS 959 sylJablt';\ 488 of which were delermiued lObe sUl."5scd
and 471 to be unstrcSSC'd.

4. The fourth database is similar [() !.he rnird database de:.scribcd
above, It wasalso generated ,11 MIT and consists uf SO sentenCeS
rend by JO di(feren~ speakers, 10 sentences eaeh, The SO
sentences u!>Cd here, howe\'cr, RrCdiffen"lll from those in lhe flrst
(training) and third databal'C!>. 1n addition. as in tlle third
databasc, the:- spcakers and the recording condlUons differ (roln
tllC database used for training, This databasc provIded 978
syllables. This includes 501strcsscd arld477 unslre~d syllables.

rable 3-] surrunarlzeS the reSults for the fourth database. a testing
dlltabase, using different sentence mill~rial, sp~kcrs and recording
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environment than those used in tralnlng. To arrive at these
performance measures, a stress probability uf 0.5 was arbitrarily SCt as
the decision criterion bel.....ecn stressed and unstressed classes. Errors
are tabulated In percent mlsscd (all syllables that were labeled stres sed

but recognized 3S unstressed), percent extra (all syllables labeled
unstressed, but recognized as stressed) and their average. '11e x-marks
indicate the specific feature used in a given classifier. It can be seen
that the best performance result ....-as achieved by a classifier using all
four features. USe of additional combinations of features such as the
alternate measures mentioned above caused de terioration uf results 19].

Performance results for the other databases (not shown here) were
qualitatlvely similar. Itis Interesting to note that Out of the four single
feature classifiers the peak-to-peak integral over the soncrar uregion of
the syllable d early performs best, and in fact independently achieves a
respectable erro r rate (14,42%). This result i.5 in ~pod agreement with
those of other studies 112, 9J. It indicates that peak-to-peek integral is
perhaps the most powerful feature for discrimination between stressed
and unstressed syllables, It might also have been predicted from the
good separability between distributions found in Figure 1. All three
additional features, however. do yield slgnificam improvements over
the one-featureclassifiers.

T:lhlc 3-1 ~h(\WS I.he llldi"'i\hml..:rf\.lf rates fl\:hic'''>;;(J by UI,' best classifier
fllr the vartous d il t.,b:l~S used. As , {I\lld be e:"p{'clr d, t he error nne
nb talncd by· the lr..a"lIling data is ! VWCl' ~ , 'I'il;.' , 1.1:-lIilk r:- perfunn worst on
the Email task due tl l syllabifit·dtitl ll cuors. .111J r tr.:sihly d ue III

emphatic stress {whil;:l' lr"nd~ LQ de-emphasize i!ll but nne prorntncm
sYl\;lole), Perhaps not surprisingly. e positive currctauon of .39 was
found between U1C arnplitndc integral lind UlIriJUOn feature in the
tr~l i !1il1a dnta. /\ lso. duration »nd average spectral change shu .....cd a
shgh t negmivc corrclauon cf -0.22.

DU·1 DIl·1 DB·) D9·4 Ave,

Missed 8.20% 14.85% 10.04% 8.98% 10.52%

Extra 8.40% 16.16% 17.41% 15.72% 14.42%

/\\'c . 8.30% 15.55% ll b(i% 12.2J% 1l.44%

Table 3-2: E.rror Rates of the best c1a,,~i ner for each database

Extcnslvc error analysis was performed for each error in the ebove

experiments191. Th e two most prominent causes of error were
syllabification ~rro l'S clnd discrepancies between Ihc aCluaJ realization of
asyllable and the :JSSi!!;llCd lexical slI'eSS, The first situation (lCCun:whtn
the syllabic boundary de(cction al~()rithm occa:-;\onJlly misses a
boundllty (e.g" "beauTY-OF"). Or erroneously inserts ~ boundary (e.g.,
when a pop is detected as a vuiced. segment). /\ misst'd syllable
bound3ry leads to Ions s)·Uables recog,nized a!i' slIcssed, while an extra
boundary leads to detection of an addi lio nal (lypically) tlnsU"essed
syllable. 111e second major source of errors includes syllables with very
~ort nuclei (e.s. "CHICK S" . "K 1TTEN") leading to miSsed crrors or
$yllablc$ uttered longer t.l1an predicted lexically (c.S.. the conjunction
"AND" drawn out between clauses). Missed errors in short stressed
syllables occurred more frequently in syllables with higlf vowels, since
no phonetic informatIon was taken into account fOr amplitude
llonnatltation. Many of the errors in thiS catego!")'. however, w~re

indirectly due to a disagreement bc:tween the assurned mOdel of lexical
suess and the al;tual pronunciation. Stress is inherently a rather
subjective percept. with human li st~nets also disagreeing abOul what is
heard as ~tressed . In a separate ellpc.riment .with t WO sets of !>even

human listeners 191 it was found that the correlation between stress
votes of these two human SI'OUpS(0.86) is about asgood as between the
human stress votes and this algorithm's SlI'cSS probabillues.

In summary. this classifier appears to be robust. its features are
relatively simple to compute. and it leads to consistently good
recognition perfor mance for all four databases. The present results
exceed the perfor mance ecnicvcd by other speaker Independent
cornlnuous speech stress detection illgorithrns. In u forced decision
ursk. error rates between 8.3% and 15.5% nrc obtained. R>:tlher thnn
mukfng absolute ccctstons. tile algcriuun returns a probability of
strcsscdncss. The stress infollYl iJfloll obtain ed can be used in various
ways in a con tin uous speech unders tan di ng system . It i!> a, good
predictor of the funcucn/contcm word distinction « 15% error) with
potential implications fer lexical search and synucrk analysis. Other
applications arc currently being explored.
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