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Abstract. Currently, the majority of the text-to-speech synthesis systems that provide the most natural output are based on the selection
and concatenation of variable size speech units chosen from an inventory
of recordings. There are many diﬀerent approaches to perform automatic
speech segmentation. The most used are based on (Hidden Markov Models) HMM [1,2,3] or Artiﬁcial Neural Networks (ANN) [4], though Dynamic Time Warping (DTW) [3,4,5] based algorithms are also popular.
Techniques involving speaker adaptation of acoustic models are usually
more precise, but demand larger amounts of training data, which is not
always available.
In this work we compare several phonetic segmentation tools, based in
diﬀerent technologies, and study the transition types where each segmentation tool achieves better results. To evaluate the segmentation tools we
chose the criterion of the number of phonetic transitions (phone borders)
with an error below 20ms when compared to the manual segmentation.
This value is of common use in the literature [6] as a majorant of a
phone error. Afterwards, we combine the individual segmentation tools,
taking advantage of their diﬀerentiate behavior accordingly to the phonetic transition type. This approach improves the results obtained with
any standalone tool used by itself. Since the goal of this work is the
evaluation of fully automatic tools, we did not use any manual segmentation data to train models. The only manual information used during
this study was the phonetic sequence.
The speech data was recorded by a professional male native European
Portuguese speaker. The corpus contains 724 utterances, corresponding to 87 minutes of speech (including silences). It was manually segmented at the phonetic level by two expert phoneticians. It has a total
of 45282 phones, with the following distribution by phonetic classes: vowels (45%), plosives (19.2%), fricatives (14.6%), liquids (9.9%), nasal consonants (5.7%) and silences (5.5%). The data was split in 5 training/test
sets — with a ratio of 4/1 of the available data, without superposition. For
this work we selected the following phonetic segmentation tools:
Multiple Acoustic Features–Dynamic Time Warping (MAF–
DTW): tool that improves the performance of the traditional DTW
alignment algorithm by using a combination of multiple acoustic
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features depending on the phonetic class of the segments being
aligned [5]. The implementation of the MAF–DTW used in this experiment uses a synthetic European Portuguese male voice from a
diﬀerent speaker than the recorded in the corpus;
Audimus: is a speech recognition engine that uses a hybrid
HMM/Multi-Layer Perceptron (MLP) acoustic model combining posterior phone probabilities generated by several MLP’s trained on
distinct input features [7,8]. The MLP network weights were re–
estimated to adapt the models to the speaker;
Hidden Markov Model Toolkit: (HTK) [9], using unsupervised speaker-adapted, context-independent Hidden Markov Models
(HMM). The models were adapted based on initial segmentations generated by the MAF–DTW tool. The models have ergodical left–right
topology, with 5 states each (3 emitting states);
eHMM: phonetic alignment tool oriented for speech synthesis tasks [10]
, developed in Carnegie Mellon University and distributed together
with a set tools for building voices for Festival, called Festvox 2.1 [11].
The adopted model topology is the same as described for HTK;
eHMM was also used doing acoustic model adaptation to the speaker.
In Table 1 we present the overall performance of each segmentation tool.
From this table, it can be seen that the MAF–DTW is the tool with the
worst performance in terms of Absolute Mean Error (AME): 41ms. This
value is almost twice as much as the second worst result (eHMM). This
was already expected, as DTW algorithms are usually very accurate, but
simultaneously prone to gross labelling errors, when compared to speaker
adapted algorithms [3]. Audimus has the best AME results, and also the
smaller standard deviation results, showing that its errors are not widely
spread (unlike DTW’s). Both HMM based segmentation tools (eHMM
and HTK) have a similar behavior.
Each tool’s perfomance was evaluated for all the transition types. This
study allowed the creation of a new segmentation tool by choosing the
best tool for each transition type — using the highest number of borders
inside the 20ms tolerance to the manual segmentations as the criterion.
Table 2 shows the conﬁguration of this segmenter (S1). Its overall results
show that though its AME (16.60ms) is worst than Audimus’ or eHMM’s,
there is an improvement in the number borders placed inside the 20ms
error threshold (82.5%). This is due to the fact that the criterion used to
choose the best segmenter for each transition is the 20ms error threshold
performance, and not the AME. The S1 segmenter’s composition shows
Table 1. Absolute Mean Error (AME), Root Mean Square Error
(RMSE), Standard Deviation (σ) and borders with error below the 20ms
tolerance (< 20ms)

DTW
eHMM
HTK
Audimus

AME(ms) RMSE(ms) σ(ms) < 20ms(%)
41.18
117.23
109.76
64.1
20.54
33.07
25.92
68.1
15.44
24.00
48.9
76.9
15.23
22.48
16.54
75.9
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Table 2. S1 conﬁguration: best combination of segmentation tools
Nasal
Nasal
HTK
Fricative Aud
Liquid
Aud
Plosive eHMM
Vowel
Aud
Silence eHMM

Fricative Liquid
eHMM eHMM
Aud
eHMM
eHMM eHMM
HTK
HTK
eHMM
Aud
eHMM eHMM

Plosive Vowel Silence
HTK HTK HTK
DTW HTK DTW
Aud
HTK
Aud
HTK HTK HTK
Aud
Aud DTW
Aud DTW
—

Table 3. SoM2 conﬁguration: best combination of simple/pairs of segmentation tools
Nasal
Nas
HTK
Fri
Aud
Liq Aud, HTK
Plo
eHMM
Vow Aud, HTK
Sil
eHMM

Fricative
Liquid
eHMM
eHMM
Aud
eHMM, Aud
eHMM, Aud
eHMM
eHMM, Aud Aud, HTK
eHMM, Aud Audi , HTK
eHMM
eHMM

Plosive
eHMM, HTK
DTW, Aud
Aud, HTK
eHMM, Aud
Aud, HTK
DTW, Aud

Vowel
Silence
Aud, HTK eHMM,HTK
HTK
DTW
Aud, HTK
Aud
Aud, HTK
HTK
Aud, HTK DTW, HTK
DTW, HTK
eHMM

that, as expected, the tools that involve acoustic model training have a
better performance, though the DTW based algorithm performed better
in some phonetic transitions — namely Fricative–Plosive, Silence–Vowel,
Vowel–Silence and Fricative–Silence. The most important conclusion was
that no segmentation tool obtained far superior results than the others:
every tool had some transitions in which it performed better than any
of the others, and transitions in which it performed worse.
Another conﬁguration we studied was which pairs of segmenters obtained better results when its borders were combined linearly—i.e. for
each transition the border was placed in the the average value of the two
segmenters which yielded better results — again the criterion being the
number of border inside the 20ms threshold. This new segmenter (M2)
obtains better results than any of the individual segmenters, and even
better than S1’s, with an AME of 13.95ms, and 84.3% of the phonetic
transitions with an error below 20ms.
The ﬁnal conﬁguration studied was the best combination of a single
tool or the average of a pair of tools (SoM2). This presented the best
results on the number of borders placed correctly: 84.6%. Its AME is
14.3ms, which is only worse when compared to the M2 conﬁguration;
Tab. 3 shows the conﬁguration of SoM2.
In the future we plan to expand this work to more databases, to
ensure its validity for diﬀerent speakers of both genders. We also plan
to use this method in larger speech inventories, so that we are able to
measure its eﬀect on the output speech quality. Another research topic
will be using a combination of multiple individual segmentation tools to
evaluate the conﬁdence of third–party segmentations of speech databases.
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