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Abstract

This paper presents an analysis of affective sentenceespok
by a single speaker. The corpus was analyzed in terms of-diffe
ent acoustic and prosodic features, including featurelveter
from the decomposition of pitch contours into phrase and ac-
cent curves. It was found that sentences spoken with a seat aff
were most easily distinguishable from other affects as thee
characterized by a loweroFlower phrase and accent curves,
lower overall energy and a higher spectral tilt. Fearful as®
relatively easy to distinguish from angry and happy as iitexh
ited flatter phrase curves and lower accent curves. Angry and
happy were more difficult to distinguish from each other, but
angry was shown to exhibit a higher spectral tilt and a lower
speaking rate. The analysis results provide informativesl|
for synthesizing affective speech using our proposed récom
nant synthesis method.

1. Introduction

Generating meaningful and natural sounding prosody is a cen
tral challenge in TTS. In traditional concatenative systbe

the challenge consists of generating natural soundingetarg
prosodic contours and imposing these contours on recorded
speech without causing audible distortions. In unit s@act
synthesis, the challenge consists of selecting acoustiefuom

a large speech corpus that optimally match the phonemic and
prosodic contexts required. When expanding a prosodic otoma
from a neutral reading style to more expressive styles, ites s

of the speech corpus grows exponentially.

We are developing a new approach to speech synthesis,
called recombinant synthesis (also known as multi-level unit
selection synthesis) in which natural prosodic contourd an
phoneme sequences are recombined using a superpositional
framework [13]. The proposed method can use different $§peec
corpora for selecting phoneme units and pitch contour com-
ponents. As the prosodic space is expanded to include more
speaking styles or sentence types (i.e. lists), more pibch ¢
tours can be added to the prosodic corpus. The prosodic€orpu
does not contain the raw pitch contours, as concatenatang th
would result in audible discontinuities [12], but rathentains
phrase curves and accent curves that are derived from tipe ori
inal pitch contour. Recombinant synthesis has advantagas o
both traditional concatenative synthesis and unit selgcitn
that (i) the pitch contours selected from the database aveaia
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and smooth, leading to higher quality synthesis, and (iitimu
smaller speech corpora are required as the coverage oftecous
and prosodic features is additive instead of multiplicativ

The goal is to select natural-sounding pitch contours that
are appropriate for the given context and that are closeginou
to the original prosody of the selected phoneme units to min-
imize signal degradation due to pitch modification [5]. This
paper discusses preliminary findings related to a set oftafee
recordings. There have been several studies analyzingtiaée
speech for synthesis purposes [3, 1, 14, 9]. Typically they e
plore simple prosodic features such as thentfean and range,
and phoneme durations. Some studies [9] have gone furtder an
examined pitch contour shapes in different affective ctoiis.
The recordings used in our analysis are by no means complete,
nor is the set large enough to make exhaustive predictians, b
the analysis method and the acoustic features used to analyz
the data will provide valuable information about distirghing
different affects and hopefully will be useful in generatiap-
propriate affective speech. The relevance of acoustiaifeat
was analyzed using a repeated measures analysis of variance
paradigm and paire¢-tests were performed to determine the
acoustic differences between pairs of affects.

2. Recordings

This study used a set of affective recordings that was deltec
for a previous study. A group of 42 actors read 24 sentences in
4 different affects: Angry (A), Happy (H), Fearful (F), and®
(S). There was considerable variability within subjectthwe-
spect to expressing the different affects. For the purposes
speech synthesis of affective speech, one single speaker wa
chosen for analysis. The chosen speaker is an 8-year old girl
who was the most consistent in her renditions of the differen
affects. This was established in a listening experimengreh
12 people listened to all sentences in random order andresbig
affect labels and a confidence score to them.

The speakers did not produce neutral recordings for these
24 sentences. However, the sentences are semantically unbi
ased in their affective content, i.e., it is impossible tedict
which affect is intended from the text alone. Because there a
four different versions of each sentence, different affeein be
compared side-by-side. The sentences consist of a singisg@h
2-5 words in length. The sentences are preceded by short “vi-
gnettes” which cue the speaker to produce the correct affect
Table 1 presents 4 example vignettes for one of the sentences
The simulated vocal expressions obtained in this mannér wil
yield more intense, prototypical expressions of affeci,[bat
for speech synthesis purposes this is desired to ensurectorr



Angry

Happy

Fearful

Sad

The parents had left their
teenager home alone for the|
weekend and had come hon

Her best friend had moved awa
four months ago. She was con
etemplating this as the doorbell

y Suddenly the tornado made
turn, and now was heading
for where John was standing

aShe cried when her parents to
her that her best friend had
J. been in an automobile accider

o

—

to a house that had been
turned upside down. The
father said angrily:

rang. It was her.

‘I'm gonna get killed by
a tornado.

and may never walk again.
She was overcome with grief,
and said:

“I don't beli

eveit!”

Table 1: Affective vignettes for the sentence "l don’t bediet”.

perceived affects. Moreover, the perception experimenvel
that listeners could correctly recognize the intendedcssfere-
flecting the fact that these recordings represent normakexp
sion patterns.

3. Analysis

In this study we used analysis features based on pitch,idorat
and energy to distinguish different affects. The pitch galéor

the recordings were computed using Praat [2]. The advantage
of using Praat is that it is able to deal with high frequencies
which are more common in childrens’ voices and it allows man-
ual adjustments to the voicing flags on a frame-by-framesbasi
to obtain the best pitch contour. All resulting pitch conmsu
were manually checked to make sure they were correct. The
pitch was used to measure global features such asdan and
range. In addition, more detailed features were computed re
lating to the phrase curves and accent curves obtained by de-
composing the pitch contours according to the superpaositio
model. The decomposition algorithm will be described inenor
detail in 3.1.

Phoneme segmentation was performed using CSLU'’s pho-
netic alignment system [4]. The phoneme alignment was
hand-corrected. The phoneme labeling was used to compute
phoneme durations. In addition, the sentences were labeled
cording to their foot structure. A foot is defined as consigf
an accented syllable followed by all unaccented syllabteg u
the next accented syllable or a phrase boundary. The faat-str
ture could be different in each affect rendition, as the nena
accents was not always the same. As a rule, foot labeling was
based on the presence of audible emphasis on a syllable. The
foot labels were checked by two colleagues to ensure consis-
tency. Phrase-initial unstressed syllables are caledrusis.

The accent curves on anacruses were excluded from our analy-
sis.

Variations in acoustic features between different spagpkin
styles are not restricted to prosody, but also include spkfeta-
tures such as spectral tilt and spectral balance. Speetiaide
represents the amplitude pattern across four differeqtiracy
regions. These four bands are generally phoneme independen
and contain the first, second, third and fourth formant fostmo
of the phonemes. Formants contain the largest portion afjgne
in the frequency domain. Moreover, when some prosodic fac-
tors change, e. g., from unstressed to stressed, the eneagy n
formants will be amplified much more than those near other fre
guency locations. Choosing frequency bands accordingrto fo
mant frequencies has an important advantage for statiatied
ysis, because it will reduce interactions between phoneem i
tity and prosodic factors. For speech with 16 kHz samplineg,ra
the four bands are defined as: B1:0-800Hz, B2: 800-2500Hz,
B3: 2500-3500Hz, B4: 3500-8000Hz. Previous research has

shown systematic variations in spectral balance in phoseme
when influenced by syllable stress, word accent, proxinaty t
phrase boundary, and neighboring phonemes [11, 7]. The four
band values were computed as an average of three data points
nearest to the peak location in the foot. These points were al
ways located in the stressed vowel. The overall energy was
computed as a sum of the four bands. The spectral tilt was
computed ag-2 * B1 - B2 + B3 + 2 * B4}. Previous studies
have shown that our synthesis system is capable of synthesiz
ing speech with different spectral balance profiles sudatgs
without introducing additional signal degradation [11, 7]

3.1. Decomposition of pitch curves

In the general superpositional model of intonation, thekpit
contour is described as the sum of component curves that are
associated with different phonological levels, specilicahe
phoneme, foot, and phrase level [10, 12]. To apply this model
to the recombinant synthesis method, the pitch curves in the
prosodic corpus need to be automatically decomposed iaio th
corresponding phrase and accent curves. The phrase curve is
the underlying curve that spans an entire phrase. It previte
formation about the baseline pitch and the global declmati
The accent curves span the foot and they convey the amount
of emphasis exerted on accented syllables.. The typicanacc
curve template is characterized by an up-down movement in
the pitch, although there are also templates for negativerdas

and phrase-final accents containing continuation risesoibe
posing pitch curves is not trivial, since successive acceray
overlap in time and we want to impose as few constraints as
possible on the shapes of accent and phrase curves.

The proposed decomposition algorithm has been developed
using increasingly more difficult sentences. The first stap to
decompose synthetic Feontours that were generated with our
implementation of the superpositional model and curves gen
erated with the Fujisaki model [12]. The next step was to de-
compose naturaldcontours from declarative all-sonorant sen-
tences [8]. The last step involved decomposing natusaldn-
tours from unrestricted declarative sentences contaicongin-
uation rises [6].

Figure 1 shows the decomposition of thedontours for the
sentence “| don’t believe it” for all four affects. The esttad
Fo contours, as depicted by the solid continuous lines provide
close approximations of the raw pitch contour. The decompo-
sition algorithm optimizes the Root Weighted Mean Square Er
ror (RWMSE) where the weights are determined by the ampli-
tude and voicing flags. The overall RWMSE obtained for this
database is 15.65 Hz, which is appropriate given the fadt tha
the recordings are extremely expressive and come from d chil
whose I excursions occasionally exceeded 800 Hz.

The decomposition takes place on a foot-by-foot basis. The
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Figure 1: Decomposition of theyFeontour into a phrase cur

Acoustic feature F-value | p-value | Sig.
Average b 15.25 4.06e-08| x* x
Fo range 21.85 9.58e-11| * * %
Phrase curve range 8.39 5.51e-05| * * x
Average phrase curve slope5.57 0.0015 *k
Start of phrase curve 8.66 4.09e-05] = x*
End of phrase curve 3.95 0.011 *
Number of accents 1.85 0.14

First accent amplitude 9.89 1.04e-05| * x* *
Last accent amplitude 9.49 1.63e-05| * x *
Average accent amplitude| 12.68 5.38e-07| = x x
Speaking rate 1.03 0.38

Overall energy 29.18 2.62e-13| * x %
Spectral tilt 7.47 0.00016 | =* =

Table 2: Results for Anova with repeated measures for each
acoustic feature. Sig. stands for significance, wheoarre-
sponds to @-value< 0.05,*x corresponds to a-value< 0.01
andx x x corresponds to a-value< 0.001

phrase curve consists of piecewise linear segments that are
smoothed to create a more natural looking curve. The accent
curves are based on generic accent templates which aredvarpe
in the time and frequency domain to best match the targeecurv
Because the sentence content is known and phonemes and feet
are labeled, the approximate locations of the accent cuamees
known. The algorithm requires an approximate location ef th
accent peak. We obtained initial peak location estimatés-au
matically which were hand-corrected to ensure a close fit.

4. Analysisresults

In order to determine which acoustic features were sigmifiga
different between affects, an analysis of variance witleatpd
measures was performed on each acoustic feature. Affect was
the dependent variable and sentence number was the error ter
(because the acoustic features observed are not indepesfden
the sentence content uttered). The analysis of variancitses

in Table 2 show that most of the features we examined were sig-
nificantly different across affects. The only features thate

not significantly different were the number of accents arel th
speaking rate. The end value of the phrase curve was only
slightly significant.

Most studies on prosody in affective speech ignore the fact
that the number of accents might be different across camditi
Informal analysis of the recordings exposed a tendency for
speakers to emphasize more words in excited conditions such
as angry and happy. Although the number of accents per sen-
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Figure 2: Number of accents per sentence.

tence is not significantly different across affects for therent
speaker, there is a clear trend visible in Figure 2. The fkarf
and sad sentences tend to have fewer accents than the adgry an
happy conditions. We believe that this trend will becomeanor
obvious with longer sentences and text material. The resson
is not signifcant in this corpus is that the number of strelesa
words is limited. The analysis of variance presents theadver
significance of a feature, but it does not show differences be
tween pairs of affects. Therefore, pairetests were performed
for each acoustic feature comparing pairs of affects tordete
which features were significantly different between eadh pa

4.1. Overall pitch

The mean and range of,Fare two popular features that have
been reported on in many studies. Banse and Scherer [1] sum-
marize previous findings as follows. Affects involving high
arousal levels such as anger, fear, and happiness are charac
terized by an increase inpAmean and range whereas sadness
is characterized by a decrease in fRean and range. Cahn

[3] reported a similar trend for Frange, but for & mean her
findings were much different in that fear showed the highest
contribution followed by sad, then happy and angry. Figure 3
shows the mean differences between the affect pairs and the
95% confidence intervals for the mean for our speaker. The
t-values andp-values were obtained by performing the paired
t-tests. The F mean values for this recording set were 279 Hz



for happy, 261 Hz for angry, 250 Hz for fearful, and 177 Hz for
sad. The sad affect is significantly lower in pitch than tHeeot
three emotions, in line with previous studies. Happy istglig
higher than fearful. The differences between angry andhapp
and between angry and fearful are not significant. TheaRge
shows the same picture as thg Rean in terms of the differ-
ences between the affect pairs. The averagehRge is 581 Hz
for happy, 544 Hz for angry, 431 Hz for fearful, and 309 Hz for
sad. Note that these are recordings from a child, which égpla
the high range in i All Fo range differences between affect
pairs are significant, except the difference between angdy a
happy.

The Ry mean and range are not very informative features for
describing the pitch contours. Using parameters derivexh fr
the phrase curves and accent curves as obtained from our de-
composition algorithm, allows for a more detailed desaipt
of the differences between affects.
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Figure 3: b mean differences between affects.

4.2. Phrasecurves

Due to the shortness of the sentences, there were no minor
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Figure 5: Average phrase curve start and end values for each
affect.

phrase boundaries and as such there was only one phrase curve

per sentence. Anger and fear have been found to have more dec-
lination than happy and sad [1], although in a different gtud
anger and sad were found to have a level contour slope and
happy and fear had a rising contour slope [3]. The problerh wit
these analyses is that they derive the declination slope fihe
raw pitch contour, the slope of which is polluted by the pitch
accent prominences. The main advantage of our decompositio
algorithm is that it allows for a separation of the declioatin
the phrase curve from the accent curves. Figure 4 shows dif-
ferences in the average phrase curve range, which is defined a
the difference between the maximum and the minimum value of
the phrase curve. The results show that the differencesasph
curve range between angry and happy and between fearful and
sad are not significant. However, both angry and happy have
a significantly larger range than fearful and sad. The aeerag
phrase curve range is 188 Hz for happy, 200 Hz for angry, 120
Hz for fearful and 90 Hz for sad.

We also computed the average slope of the phrase curve
(or declination). The results show the same trends as for the

phrase curve range differences in that the differencesdsatw
angry and happy and between fearful and sad are not sigtifican
However, both angry and happy have significantly less daclin
tion than fearful and sad. The average slope of the phrase cur
is -1.74 units for angry, -1.45 for happy, -0.29 for fearfalda
-0.71 for sad. The phrase curves for the fearful conditian ar
almost flat.

Figure 5 displays the average start and end points of the
phrase curve for each affect. The difference in slope isrlglea
visible between on the one hand the angry and happy and on
the other hand the fearful and sad affects. The slope differ-
ence is mainly related to the end point of the phrase curve. Th
phrase curve on average starts higher for the angry affaat th
for happy, followed by fearful and sad. But the phrase curve
ends highest for fear, followed by angry, sad, and happysé&he
findings will be very helpful for applying appropriate pheas
curves to the phoneme sequences in our recombinant sysithesi
system.
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Figure 6: Average accent curve height differences betwéen a
fects.

4.3. Accent curves

The start of the accent curve always coincides with the efart
the foot, which is always a stressed/accented syllable.efide

of the foot is located at the end of an unstressed syllabteeit
right before the start of the following foot, or a phrase badun
ary. However, previous research has shown that the end of the
accent curve does not need to coincide with the end of the foot
leading to overlapping accent curves [8]. We were able te pro
vide a satisfactory fit to the pitch contours using accenveur
templates for the basic up-down shape, negative accentscand
cents with continuation rises. We found some negative dscen
in our corpus, but the occurrence of negative accents was not
significantly different between affects. Because the see®
were so short, there were no minor phrase boundaries and thus
no continuation rises at those locations. But the speaketdvo
sometimes end sentences in a continuation rise. Our hygisthe
was that this occurred mostly in the fearful and sad affémis,

no significant effect was found. For the measurement of dccen
curve amplitudes, the negative accents were excluded fnem t
analysis.

Figure 6 displays the average differences in accent curve
amplitudes between the affect pairs. The accent curve ampli
tude is measured at the peak location. It can be observed that
the difference in accent curve amplitudes is not signifi¢ant
the angry-happy comparison, but it is significant for allesth
comparisons. Both angry and happy have higher accent am-
plitudes than fearful and sad. Fearful has higher accemecur
amplitudes than sad. The average values for the four affects
are: 172 Hz for angry, 173 Hz for happy, 77 Hz for fearful and
only 27 Hz for sad.

For sentences that had more than one accent, we also stud-
ied the average accent curve amplitude for the first accent ve

sus that of the last accent. The averages are based on 60 out of

96 sentences. The first peak was on average 133 Hz for angry,
176 Hz for happy, 76 Hz for fearful and 29 Hz for sad. For the
last peak the average values were 157 Hz for angry, 181 Hz for
happy, 93 Hz for fearful and 18 Hz for sad. This shows that for
all conditions except sad, the final accent had a higher ampli
tude than the first one.
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Figure 7: Average overall energy differences between tffec
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Figure 8: Average spectral tilt differences between affect

4.4. Energy

Figure 7 shows the overall energy differences between taffec
pairs. The overall energy was computed as the sum of the four
broad spectral band averages. As can be seen, the overgyene
for sad is much lower than for the other three affects. Féafu
significantly lower than angry but its lower overall energighw
respect to happy is not significant. Angry is louder than fapp
but again this difference is not significant. The averageae
energy for angry is an order of magnitude of 409 for angry, 394
for happy, 372 for fearful and 260 for sad.

Although spectral tilt was not found to be a significant fac-
tor using the analysis of variance, we do include it herehas t
pairedt-test showed that there was an important difference in
spectral tilt between angry and happy. This makes the spectr
tilt one of the few parameters to distinguish angry from happ
in our corpus. Figure 8 displays the average spectral ffitrdi
ences between affect pairs. The most important finding is tha
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Figure 9: Average speaking rate differences between affect

the spectral tiltin anger is significantly lower than in hgpphe
average values for spectral tilt were -87 units for angr$, féx
happy, -88 for fearful and -123 for sad. Thus, sad has thedbwe
amount of high-frequency energy whereas the other three emo
tions, all three of which are associated to higher arousalde
according to Banse and Scherer, have higher amounts of high-
frequency energy, which is reported to be due to an increased
vocal effort by the speaker [1].

4.5. Speakingrate

Phoneme durations and pause lengths are often included in
an analysis of different affects. Because the sentencesrin o
corpus are relatively short, there are no intermediate ggus
that can be analyzed. We computed the average speaking
rate by dividing the total phoneme duration (excluding eslis

by the number of phonemes. The average speaking rate was
140 ms/phoneme for angry, 127 ms/phoneme for happy, 117
ms/phoneme for fearful and 116 ms/phoneme for sad. This is
surprising as we expected the angry affect to be faster tien t
other affects, but for this speaker that turned out not tohiee t
case. We also considered other duration measures such ak vow
durations and voiced portion durations, but the effectevgan-

ilar to the speaking rate findings, so we don’t go into detaiith

5. Conclusion

The sad affect presents the most distinct acoustic and gimso
features from the other three affects. The sentences hawea |
overall energy and higher spectral tilt. The phrase curves a
lower and the accent curve amplitudes are much lower than in
other affects. The other three affects (angry, happy anduig¢a
are all high-arousal emotions and can be more easily comfuse
with each other. However, our analysis has shown that we can
distinguish the three affects for our speaker. Fearful $sirti
guishable from angry and happy by showing a lowgirr&nge,
a flatter phrase curve and lower accent curve amplitudestyAng
is distinguishable from happy by displaying a higher sz ¢iit
and a slower speaking rate.

The results provide a promising start to synthesizing ex-
pressive speech using our recombinant synthesis approbeh.
decomposition algorithm was shown to do a good job decom-

posing the pitch contours into phrase and accent curvegitdes

the fact that we were dealing with highly expressive chitse
speech. This demonstrates the fact that a prosodic corpng us
neutrally read sentences can be used to select phrase and ac-
cent curves, which can then be warped using different wgrpin
functions for each affect to exhibit varying phrase cunapsbk

and ranges and varying accent curve amplitudes. The phone-
mic units selected from the acoustic corpus can be warped in
the sinusoidal framework to display varying overall eneagg
spectral tilt profiles using the four-band representation.
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