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Abstract
Pitch modelling is considered to be an important factor in
speech synthesis where the pitch contour plays a demonstrable
role in the intelligibility and naturalness of synthesised speech.
While quantitative models for pitch contours have been proposed previously, each of these have a ﬁxed level of details and
as such not all of them provide the basis either for automatic extraction of pitch model parameters or for measuring the distance
between two instances of a model. In this paper, a novel and
compact quantitative model for pitch contour is presented which
covers the possible variations in pitch and can be automatically
extracted. The minimum F0 value, the level global slope of a
pitch segment and the semi-periodic jitter properties are used
as pitch components and are modelled with a linear function,
a sine function and a set of sine functions respectively. A distance measure is deﬁned for the model which takes the shape of
the contours into consideration. Experiments show a low mean
square error (MSE) for the estimated contours for different languages across different corpora, and investigate the accuracy of
the distance function on the model.
Index Terms: pitch modelling, prosody modelling

1. Introduction
While state of the art speech synthesisers can achieve mean
opinion scores and word error rates almost on a par with human speakers [1, 2], the difference between current synthesis
technology and human speech is more clear-cut when the goal
is to produce speech which is not neutral. Excitement, tiredness,
anger, and joy are just some of the properties of human speech
that current speech technologies cannot convincingly synthesise. Indeed, part of the reason for this is that the extraction and
modelling of parameters required to model such intricacies is
still an active research topic. It is clear that pitch has an important role in speech [3]. It is one of the components (in addition to, but not limited to: duration, rhythm and energy) that
contribute to the additional information in speech that is not in
text. Modern pitch estimation algorithms such as the robust algorithm for pitch tracking by Talkin [4], those of Boersma [5]
and Yin by de Cheveigné and Kawahara [6], are somewhat competitive in terms of performance, yet how these estimated pitch
contours are modelled is still a debated topic.
In concatenative speech synthesis, it is necessary to compare segments of speech to their target speciﬁcation and to compare segments across concatenation boundaries. Traditionally,
such comparisons involve at least acoustic and pitch parameters. Acoustics are often compared by using a distance function (such as weighted Euclidean distance, or Mahalanobis distance). Comparing pitch is less straight-forward, as pitch is only
present during voiced segments, where the shape of the contour
is more important than the difference between absolute values.
The effect of this is that a pitch comparison between an un-
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voiced and voiced segment is discrete. Comparing segments
which contain continuous pitch contours is often done by subtracting the pitch frequencies (or their log values) at a single
point. Such comparisons bear little correlation to the perceived
pitch as the local and global trajectories of the pitch are not considered. Calculating delta and delta delta parameters from pitch
is not necessarily a solution either as the frames near an unvoiced segment will be represented by the delta of unspeciﬁed
pitch (i.e. unvoiced) segments.
In this paper, a novel pitch model is presented. The model
was designed to overcome the limitations of current approaches,
where in particular, it has the following features:
• Automatic application to estimated pitch contours.
• Distance function which measures both global and local
properties of the pitch contour.
• Dynamic representation, where the model represents as
much variations as the pitch contour requires.
• Speaker- and language-independence.
The remainder of this paper is structured as follows: section 2 reviews existing models, section 3 presents the novel
pitch modelling algorithm, section 4 describes evaluations on
the model and section 5 concludes and discusses future work.

2. Previous Work
Several pitch models have been proposed over the past 30 years.
They were proposed with different intended applications, resulting in models representing different features. Most of them can
be classiﬁed into the following two categories:
• Symbolic models: where pitch events are represented by
a set of symbols.
• Quantitative models: where pitch events are represented
by numeric values.
2.1. Symbolic Models
In the symbolic model category, the Pierrehumbert model is one
of the ﬁrst pitch models where the intonation of an utterance is
represented as a sequence of high (H) or low (L) tones. H and
L are members of a primary phonological opposition [7]. In the
IPO model, the intonation contour consists of a linear sequence
of discrete intonational elements, movements. Certain movements are perceptually relevant, others are not. Such perceptually relevant changes are represented by positive and negative
symbols [8].
The ToBI model is a formulation of tone sequence theory
in terms of a transcription system (originally designed speciﬁcally for American English but has also been adapted to many
languages) [9].

ﬁtted to another sine wave,This represents the ﬁrst jitter level,
as in ﬁgure 3d.
Step 4: This process is repeated again to represent the second jitter level, as illustrated in ﬁgure 3e.
Step 5: By combining the minimum pitch value with the 3
sine functions as in equation 2, the pitch contour is then modelled as in ﬁgure 3.
3.1. Distance Measurement
Comparing two instances of a pitch model is not a straightforward process, since the similarity between the shapes of the
contours is more perceptually relevant than the distance between absolute values. This approach suggests that three factors
need to be considered in calculating the distance:
1. The duration of the segments.
2. The minimum value of F0 over the segments.
3. The function parameters.
When comparing segments with respect to F 0, it is quite likely
that the duration of each segment is different. Similarly, the
minimum respective values of F 0 are likely to differ. However,
F 0 contour segments that have slightly different minimum F 0
but are very similar with respect to command level and semiperiodic jitter are likely to be perceptually much more similar
than segments which have matching minimum F 0, but with different trajectories.
3.1.1. Duration Scaling
In order to ensure the duration of the segments are equal, the
shorter of the segments is scaled to match the duration of the
longer segment. Given two sine functions
S1(a1, b1, c1, shif t1) def ined on 1..w
S2(a2, b2, c2, shif t2) def ined on 1..v
where v < w, the range of S2 needs to be modiﬁed to make it
equal to the range of S1:
p = (w − 1)/(v − 1)
N ewa2 = a2 ∗ p
N ewb2 = b2/p
N ewa2 = c2
N ewshif t2 = shif t2

of the contour. The distance function therefore gives a greater
weight to the frequency and phase parameters. Rather than using the absolute difference in amplitudes, the natural logarithm
of the difference is used.
if (|a1 − a2| > 1)
dif A = log|a1 − a2|
else
dif A = 0

(3)

The distance between them can be deﬁned as follows:
dis(S1, S2) = αdif A + β|b1 − b2| +
γ|c1 − c2| + θ|shif t1 − shif t2|

(4)

where α, β, γ, θ are the weights of the amplitude, frequency,
phase, and shift respectively.
By adding the duration scalling effect, where the difference
between the duration of the functions is propotional to the distance between them:
dis ∝ δ where δ = |w − v|
The distance function becomes:
Sdis(S1, S2) = dis(S1, S2) + λ ∗ δ

(5)

where λ is the weight of duration scaling.
The ﬁnal distance function is a combination of the described functions as follows:
f inalDis =

r


(μi Sdis(S1i , S2i )) +

i=1

ξ|minF 01 − minF 02 |

(6)

where μ1 is the weight of the command level component, r − 1
is the required number of sine functions to estimate the jitter
components, μi : i = 2..r are the weights of the jitter components, and ξ is the weight of the difference between the minimum pitch values.

4. Results
To evaluate the model, three experiments have been undertaken.
The ﬁrst was to identify how many levels of jitter should be extracted to model prosodically rich speech. The second experiment calculated the error of the modelling algorithm; and the
third investigates the accuracy of the distance function.

After this process both S1 and S2 have equal duration, the
distance between the two segments can be calculated from all
of the parameters involved in the model. In order to do this,
measuring the distance between two sine functions is considered ﬁrst.
3.1.2. Sine Function Distance
Given the following two sine functions that have the equal duration
S1(a1, b1, c1, shif t1)
S2(a2, b2, c2, shif t2)
The parameters of S1 and S2 can be used to calculate a
distance between the two pitch segments. In order to make the
distance function perceptually relevant, it is assumed that the
shape of a pitch contour is more important than the amplitudes
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4.1. Identiﬁcation of Jitter Levels
For the ﬁrst experiment, a 950 utterance subset of the single speaker, received pronunciation British English database
”Roger” by the Centre for Speech Technology Research, University of Edinburgh, was used [19]. The subset of the corpus
used for the experiment was prosodically rich parts of Lewis
Carroll’s children stories.
Figure 4 shows the mean square error (MSE) of the model
when using different amounts of jitter sine functions, where
MSE is the error of the pitch estimation from the model. The
more error the model has, the more detail is lost in the estimation. For the Roger corpus, Two sine functions for jitter is
enough where it is clear that the difference in having more than
two jitter sine functions is comparatively small. For alternative
applications of the pitch model or corpora, a different number
of jitter sine functions may be appropriate.

Table 2: The weights of distance function components.
Component
Command Level
First Jitter Level
Second Jitter Level
Min F0

Table 4: Recognition rate of the classiﬁcation algorithms.

Weight
1
1
0.5
0.01

Algorithm
Neural Networks
hierarchical k-mediods (44 cluster)
hierarchical k-mediods (16 cluster)
hierarchical k-mediods (3 cluster)

Table 3: The weights of sine function components.
Component
a
b
c
shift
scalling

Recognition rate
86.3%
90.6%
88.3%
82.2%

[4] D. Talkin, “A robust algorithm for pitch tracking (rapt),” Speech
coding and synthesis, vol. 495, p. 518, 1995.

Weight
0.5
1
1
1
0.1

[5] P. Boersma, “Accurate short-term analysis of the fundamental frequency and the harmonics-to-noise ratio of a sampled sound,” in
Proceedings of the Institute of Phonetic Sciences, vol. 17, 1993,
pp. 97–110.
[6] A. de Cheveigné and H. Kawahara, “Yin, a fundamental frequency
estimator for speech and music,” The Journal of the Acoustical
Society of America, vol. 111, p. 1917, 2002.
[7] J. Pierrehumbert, The phonology and phonetics of English intonation. MIT Cambridge, MA, 1980.

5. Conclusion
This paper presents a novel pitch model, which was motivated
by the need for a model that can be automatically applied to estimated pitch contours, contain a perceptually relevant distance
function and a dynamic precision, where the model represents
as much variation as the pitch contour requires. While the primary motivation for this work is to improve the F 0 modelling
for concatenative speech synthesis, it is not limited to this task.
Several experiments were performed on the model. The
ﬁrst experiment evaluates the mean square error with respect
to the number of jitter modelling sine functions. From the experiment, it is clear that two jitter sine functions are appropriate, although moderately better performance can be achieved
by using more.The second experiment veriﬁed that the models
performance is consistent, both with different speakers and different languages.The third experiment evaluates the accuracy of
the distance measure.
The results of the experiments are promising. However,
more tests are needed using a unit selection speech synthesiser,
where the model and the distance function will be part of the
prosody model of the synthesiser. Future work will involve
evaluating the distance measure of the model in perceptual tests,
by integrating the model into a unit selection speech synthesiser.
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