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Abstract

In concatenative synthesis the join cost function can be related
to the probability of a perceived discontinuity at the join. There-
fore it is important that the distance measures in the cost func-
tion correlate highly with human perceived discontinuities. In
this paper the results of a listening test on joins in two Norwe-
gian long vowels: /A:/ and /e:/, is presented. Five spectral dis-
tance measures and the F0 difference are compared as predictors
of the human perceived discontinuities using Receiver Operat-
ing Characteristic (ROC) curves. In addition, a linear join cost
function is optimized by means of stepwise linear regression.

1. Introduction
Unit selection systems are considered state of the art in text to
speech synthesis, with capability of producing highly natural-
sounding speech. Unit selection synthesis is based on concate-
nating small units of speech, selected from a large database con-
taining multiple candidates for each unit. The search for the op-
timal unit sequence is normally based on a combination of two
cost functions: target cost and concatenation cost [1]. Target
cost measures how well a unit matches prosodic and phonetic
features of the target, while the concatenation cost is a measure
of how well two neighboring units can be concatenated. The
optimal unit sequence with respect to these two cost functions
can then be found by a Viterbi search for the lowest cost path
through a lattice, where the database units are the nodes with an
associate target cost, and the concatenation cost is the cost of
the path between two nodes.

One problem with unit selection synthesis system is the
large variability in quality, varying from almost perfect speech
to very poor quality speech with many disturbing discontinu-
ities. To improve quality we want the concatenation cost to
have a high correlation with human perception of discontinu-
ities at concatenation points. The concatenation cost has to be
measured with distance measures on physical measurable prop-
erties such as spectral parameters, F0 (pitch) and power. The
probability of perceived discontinuity at a concatenation point
can be estimated as a composite function of the distance mea-
sures. Defining the concatenation cost as a function propor-
tional to the probability of perceived discontinuity then gives a
cost functionC(d1(x1), d2(x2), . . . , dn(xn)), wheredi(xi) is
a distance measure on the i’th feature. A common approach is to
use a linear cost functionC =

∑
i

wi ·di(xi), where the weights

wi are the relative importance of each feature [1]. How well the
cost function works would mostly depend on how many orthog-
onal features that are relevant and of how well the distances on
the features discriminate good and bad joins.

In this paper we describe a preliminary perceptual experi-
ment on the detection of discontinuities in two Norwegian vow-
els, and compare how well different objective distance measures
correlate with the human perceived discontinuities. In addition
to spectral distance measures, F0 difference was also consid-
ered as some stimuli had relatively high F0 difference at the
concatenation point.

The paper follows earlier studies ([3], [4], [5]) of compar-
ing different distance measures of spectral distance. As in [4]
and [5] the problem is approached as a binary signal detection
problem using ROC curves [2] to compare the distance mea-
sures.

2. Perceptual experiment

A perceptual experiment was conducted on listeners detection
of concatenation discontinuities in vowel joins generated by
concatenative synthesis from a Norwegian female speaker. The
stimuli consisted of one vowel join inside a test word which
was wrapped in the middle of a relatively short sentence. Joins
in two Norwegian long vowels, A and e, were tested (SAMPA
/A:/ and/e:/)

The listening test was conducted as a binary forced choice
experiment, where listeners had to make a forced decision
whether a join were discontinuous or not. 20 adult volunteer lis-
teners, most of them employees at the Signal Processing Group
at NTNU, participated in the test.

2.1. The Prosdata Synthesizer

The synthetic voice in the experiment was generated from the
speech database PROSDATA [6], which is a collection of 502
Norwegian sentences read by a female speaker. The data have
been manually segmented in terms of phonemes, syllables and
words, and does also include F0 values and root mean square
energy values. A simple automatic demiphone segmentation
was conducted to allow for a demisyllable synthesizer, which
was used to generate the test stimuli.

The synthesizer is intended for experimental use and is
implemented as a waveform-synthesizer in Matlab using java
to communicate with a mysql database. The synthesizer uses
crosscorelation of two single period length windows at each side
of the concatenation boundary to estimate phase lag between
two voiced units. This estimate is then used to move the con-
catenation point so that phase discontinuities are avoided. For
voiced sounds the synthesizer also performs a crossfade over
two periods around the concatenation point to avoid clicks and
to smooth the join. The idea is that testing joins should be done
under the same conditions as the synthesizer normally uses.



2.2. Test stimuli

Test stimuli were generated by selecting sentences from the
database containing the wanted vowel. The words containing
the vowel were restricted to not being in sentence initial or final
position, as the original sentence or a part of the original sen-
tence was used as a wrapper sentence around the testwords. In
order to make a join at the middle of the vowel, the demisyl-
lable starting at the middle of the vowel was replaced by other
instances of this demisyllable from the database.

This gave two joins: The first join at the middle of the
vowel, and a second (unwanted) join at the phoneme border be-
tween the syllable containing the vowel and the next syllable.
A bad second join could influence the listeners choice, and is
a noise source in the experiment which we attempted to mini-
mize by restricting which types of sounds that were allowed in
the second join. Testwords were restricted to words with at least
one consonant at each side of the join and as the main rule, the
second join should have an unvoiced consonant on one side.

Candidates for replacing a demisyllable were found by us-
ing the synthesizer’s target cost function, using the prosodic pa-
rameters of the original unit as target values, and then choosing
candidates with target score higher than a chosen threshold. The
stimuli was then generated by using the synthesizer’s concate-
nation methods described above.

To avoid discontinuities due to rms difference at the join,
the unit candidate to the right of the concatenation border was
scaled so that the mean rms energy in the vowel parts were
equal.

2.3. Test Procedure

The test consisted of 210 stimuli with /e:/ and 248 stimuli with
/A:/. These stimuli were split in 4 blocks with 5 listeners on
each block. Each block consisted of two sessions, One ses-
sion with /e:/ stimuli and one with /A:/ stimuli. All listeners at
the same block listened to the same stimuli, but with different
randomization of the stimuli within each session. Each session
consisted of 65 stimuli. The ten first stimuli of the /e:/ ses-
sions was a familarization phase, where examples of two good
joins, three bad joins, and five practice stimuli were presented to
the listener. Two or three original sentences was also added to
each session. Neither the ten first stimuli of the/e:/ session nor
the original sentences was used when analyzing results. The
listening test was presented using a graphical interface where
listeners could press a button to play or repeat a stimulus. The
listener could repeat the stimulus as many times as they wanted,
before they had to make a forced decision whether the join was
dicontinuous or not.

All participants in the test were given an instruction before
the test started. Listeners were instructed to focus their listening
on the word containing the join, and ignore possible discontinu-
ities elsewhere in the sentence. For each stimulus the testword
containing the join was shown in the graphical interface with its
SAMPA transcription in paranthesis, so that the listeners could
know where to concentrate their listening.

The test was performed on the same computer with the
same headphones by all listeners, and took normally about 20
minutes for completion. The consistency between listeners at
the same block was on average 72.7% for /e:/ and 68.6% for
/A:/. This indicates that the test was a difficult task, although
many of the inconsistencies could be explained by different crit-
ical levels among listeners. Totally there were 4200 observa-
tions on /e:/ stimuli and 4960 observations on /A:/ stimuli.

3. Distance Measures
3.1. Spectral distance measures

The spectral distance measures used were:

1. Symmetrical Kullback-Leibler distance evaluated on
LPC power spectra, [7]. Given two LPC spectraP (θ)
ogQ(θ) the measure is defined as:

Dskl =
1

4π

2π∫

0

(P (θ)−Q(θ)) log
P (θ)

Q(θ)
dθ (1)

2. Cepstral distance, euclidian distance of a truncated se-
ries of cepstral coefficients evaluated from LPC power
spectra

Dcep =
1

N

N∑
i=1

(cP (i)− cQ(i))2 (2)

Dcep is an approximation of the rms log spectral mea-
sure [8].

Dcep ≈ 1

2π

2π∫

0

| log P (θ)− log Q(θ)|2dθ (3)

3. DLR: This measure is the mean of the nonsymmetrical
likelihood ratios calculated from power normalized LPC
spectra. The measure is highly correlated withDcep with
a correlation coefficient of 0.97 [8].

4. Dmfcc: Euclidian distance between Mel-frequency cep-
stral coefficients [9], using an implementation with 13
coefficients. The first coefficient representing energy
was not used.

5. Dmpsc: Modified pitch synchronous crosscorrelation,
described in more detail in the next section

The spectral distance measures above, exceptDmpsc, were
calculated from parameterizations of speech using two period
length windows. All LPC-spectra were calculated using 16 LPC
coefficients.

3.2. Modified pitch synchronous crosscorrelation

The distance measure is calculated using exactly one energy
normalized period from each side of the concatenation point.
The last period of the unit to left of the concatenation point,
x(n), and the first period of the unit to the right of the concate-
nation point,y(n). If the length ofx(n) andy(n) are equal,
the distance measure is identical to the measure suggested in
[10] defined as the Euclidian distance between two pitch syn-
chronous energy normalized signalsx(n) andy(n). If x(n) and
y(n) are of different lengths, a modification is done by interpo-
lating y(n) to the length ofx(n). Denoting the interpolated
version ofy(n) for y′(n), Dmpsc is defined as

Dmpsc =
1

N

N∑
n=1

(x(n)− y′(n))2 = 2 (1− Cxy′(0)) , (4)

whereCxy′(0) is the crosscorrelation ofx andy′ at lag zero.
The intention of the modification was to make the distance mea-
sure more orthogonal to the F0 feature. The method introduces



some distortion of frequencies, but if othogonality to the F0 fea-
ture is wanted some modifcation is necessary. Looking at vowel
joins in natural sentences, this modification of the distance mea-
sure reduced the mean of the distance measure by 68%. Intu-
itively this distance measure will depend mostly on differences
in low frequencies. From calculations of correlation with the
other distance measures, it was most correlated withDskl with
an estimated correlation of 0.70.

4. Results
Letting classω0 represent perceived discontinuities and class
ω1 represent perceptually good joins, we have a two-class
pattern recognition problem with several feature vectorsxi

representing the distance measures. Although distance mea-
sures are not Gaussian distributed. ROC curves are infor-
mative describing the different distance measure’s separabil-
ity of the two classes. The ROC curves plot the hit rate
P (hit) = P (x > x∗|ω0) on the y-axis and the false alarm
rateP (false alarm) = P (x > x∗|ω1) on the x-axis. From
this definitionP (hit) is defined as the rate of successfully de-
tecting discontinuities, andP (false alarm) as the rejection
rate of good candidates.

The results were analyzed in two steps:

• In the first step all data in the listening test are analyzed.

• In the second step a minimum error rate Bayes classifier
[2], max

i
p(ωi|DF0), was used to remove stimuli with

probability of discontinuity due to F0 difference higher
than 0.5. Then the different spectral measures were stud-
ied from the remaining data. The classifier removed the
data where the log F0 difference was higher than 0.067
for /e:/ and higher than 0.062 for /A:/. This implied that
36.7% of the /e:/ stimuli and 30.2% of the /A:/ stimuli
were removed from the original data.

DLR was not plotted as it correlates highly withDcep, and
the ROC-curve for this distance measure would therefore ap-
proximately follow the same ROC-curve as forDcep. Root
mean square energy difference was also tested, but had no
correlation with perceived discontinuities, indicating that the
smoothing of energy at joins was successful. In addition to the
distance measures, a weighted linear combination of distance
measuresClin was plotted. The model and weights of the linear
combination was optimized by using stepwise linear regression
as explained in section 4.1.

From the ROC curves in the figure 1, we see that the F0 dif-
ference is the best predictor of discontinuities, except forClin.
Although detection with the F0 difference for the vowel /A:/ is
lower, we cannot necessarily state that F0 differences are less
important in this case. The detection rate would also be depen-
dent of the number of stimuli with a relatively high F0 differ-
ence in the data set. For the vowel /A:/ there were more possible
candidates to choose from in the database when generating the
stimuli, and therefore the mean F0 difference in the /A:/ became
lower, leading to fewer stimuli with high F0 difference in the
test. This describes that a feature’s discriminability of the two
classes will be correlated with the number of audible disconti-
nuities that were caused by this feature. Intuitively the results
then could be highly dependent of the synthesis system and the
test design.

Although the whole ROC curve is of interest, the hit rate
at high false-alarm rates are especially interesting as it corre-
sponds to small distancesx∗ in the definition ofP (hit). In a
unit selection point of view a high false alarm-rate corresponds

to the case of choosing the assumed best unit out of many good
candidates.

An interesting observation is that when high F0 differences
were removed, see figure 2, the detection rate at high false-
alarm rates was constant or increased forDcep andDmfcc for
both /e:/ and /A:/, while the hit rate ofDskl andDmpsc were
reduced. This indicates that the conditional probability of dis-
continuityP (D|Dcep) andP (D|Dmfcc) may be more orthog-
onal toP (D|DF0) than the other distance measures. Overall,
Dmfcc seems to be the best performing spectral measure, while
Dcep is equally good or better for high false alarm rates.

4.1. Stepwise linear regression

The detection rate is not the only important factor for choosing
a good cost function based on the distance measures. Also or-
thogonality of the distance measures in the cost function would
be important. Deciding the weights and which distance mea-
sures to include in the cost functions, could be done by stepwise
linear regression [11]. This method assumes a linear model of
the input parameters and enters parameters one by one as long
as new parameters significantly reduce the error variance. A hy-
pothesis test on significance levelα is used to decide if a new
parameter should be entered into the model. Using stepwise
linear regression on all the data resulted in a join cost function
Clin, containingDF0 andDLR for /e:/ on a significance level
α = 0.05. BothDmfcc and obviouslyDcep could be used with
almost the same performance. When increasing the significance
level toα = 0.10, alsoDmpsc was entered into the model. Al-
thoughDmpsc was the worst performing distance measure in
this test, probably the orthogonality to the two other measures
could give a small improvement. For /A:/ DF0 andDmfcc was
chosen atα = 0.05, while Dskl was added atα = 0.10.

Another join cost functionC′lin was calulated for the data
set where high F0 differences where removed. For this cost
function only two parameters were significant atα = 0.10:
Dmfcc andDF0 for /e:/, andDmfcc andDskl for /A:/. The lin-
ear combinations were most successful when there were many
discontinuities with high F0 differences, while a linear combi-
nation of the spectral distance measures didn’t give much im-
provement.

4.2. Transformation of distances

In general the join cost function is dependent of the conditional
probabilitiesP (D|di(xi)), so if the probabilities are nonlinear
functions of the distancesdi and they can be estimated reliably,
a better performance can be achieved by doing a transforma-
tion of the distances before optimization. Probably a join cost
function would also generalize better if transformed distances
are used. For such a transformation to work, it would be im-
portant to estimateP (D|di(xi)) reliably. As an experiment the
conditional probabilties were estimated from the data by using
Bayes formula [2]. The method gave only small changes, due to
that estimateŝP (D|di(xi)) were almost linear. With more re-
liable estimation of the probabilities the method may give more
improvement.

5. Conclusions and Further Work
In this paper five different spectral distance measures and F0
difference was tested as detectors of human perceived distcon-
tinuities in two Norwegian vowels. The results were analyzed
in two steps where data with high F0 difference where removed
before analyzing the spectral distance measures. Overall, F0
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Figure 1: ROC curves using all observations
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Figure 2: ROC curves after data with high F0 differences were removed

difference was the best detector, showing that this types of ex-
periments also reflects the frequencies of the different types of
discontinuities present in the test, which could be one explana-
tion for the variability of results in such tests between different
test systems and test stimuli. Of the Spectral Distance measures
the Dmfcc, DLR andDcep was the most promising distance
measures, somewhat better thanDskl, while Dmpsc was the
worst detector. More experiments are planned, both for trying
more types of sounds and to get more data to conclude on. Im-
portant issues would be to reduce possible noise sources in the
experiments, find methods for significance testing between dif-
ferent distance measures, and to look at more distance measures
and speech parameterizations with respect to both detection rate
and orthogonality in a join cost setting.
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