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Abstract. This paper proposes and evaluates a new direct speech trans-
form method with waveforms from laryngectomes speech to normal speech.
Aimost all conventional speech recognition systems and other speech pro-
cessing systems are not able o treat laryngectomee speech with satisfac-
tory results. One of the major causes is difficulty preparing corpora. It
is very hard to record a large amount of clear and intelligible utterance
data because the acoustical quality depends strongly on the individual
status of such people.

We focus on acoustic characteristics of speech waveform by larymgec-
tomee people and transform them directly into normal speech. The pro-
posed method is able to deal with esophageal and alaryngeal speech in
the same algorithm. The method is realized by learning transform rules
that have acoustic correspondences between laryvngectomee and normal
speech. Results of several fundamental experiments indicate a promising
performance for real transform.

Keywords : Hsophageal speech, Alaryngeal speech, Speech transform,
Transform rule, Acoustic characteristics of speech

1 Introduction

Speech is a perfect medinm and most commeon for human-to-human information
exchange because it is able to be used without hands or other tools, being s
fundamental contribution for ergonomic multi-modality[1]. Much research has
also been developed to realize such advantages for human-machine interaction.
Many applications have been produced and they are contributing to human life.

On the other hand, many people who are unable to use their larynxes are
not able to benefit from such advances in technology although such assistance is
hoped for. Both esophageal and alaryngeal speech, which laryngectomee people
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Fig. 1. Processing of the proposed method.

practice to enable conversation, are understandable and enables adequate com-
munication. However, conventional speech processing systems sre not able to
accept them as inputs because almost all acoustic models in the current systems
are trained by intelligible utterances spoken by normal people. It is easy to find
a lot of corpora high in both quality and quantity in many languages. Bowever,
there are not many resources of laryngectomee or other disordered speech be-
cause it is very difficult to sample a number of intelligible and clear utterances.
One of the major causes is dependence on individual status of speech.

‘We only focus on laryngectomee speech waveforms themselves to transform
them into normal speech. Many studies have attempted to transform laryn-
gectomee speech to normal speech, for example: re-synthesizing fundamental
frequency or formant of normal speech[2], or by utilizing a codebook[3]. We pro-
pose a radically different speech transform approach which handles only acoustic
characteristics. The concepts of the method have been applied to realize a speech
translation method and provided promising effectivenessi4, 5]. Fig.1 shows the
processing stages of our method. The proposed method is realized by dealing with
only correspondences of acoustic characteristics between both speech waveforms.
Our hasic conception is based on belief that even laryngectomee utterances have
certain contents although these are inarticulate and quite different from normal
speech waveforms. Af first, acoustic common and different parts are extracted
by comparing two utterances within the same speech side. These parts should
have correspondences of meaning between two different types of speech. Then
wo generate transform rules and register them in a transform dictionary. The
rules also have the Jocation information of acquired parts for speech synthesis on
time-domain. The transform rules are obtained by comparing not only speech
samples but also acquired transform rules themselves using Inductive Learn-
ing Method|[6], still keeping acoustic information within the rules. Deciding the
correspondence of meaning between two speech sides is the unique condition
necessary to realize our method.

In a transform phase, when an unknown utterance of laryngectomes speech
is applied to be transformed, the system compares this sentence with the acous-
tic information of all rules within the speech side. Then several matched rules
are utilized and referred to their corresponding parts of the normal speech side.
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Fig. 2. Processing structure.

Finally, we obtain roughly synthesized normal speech utterance by simply con-
catenating several suitable parts of rules in the normal speech side according to
the information of location. Fig.2 explains an overview of the processing struc-
ture of our method.

Although the method deals with speech waveforms, the boundaries of word,
gyllable, or phoneme are not important for our method because the proposed
method does not prepare any acounstically correct interpretation, and transform
rules are designed by acoustic characteristics of speech from utterances. There-
fore, these rules will be able to adapt the speaker’s characteristics and habits
by recursive learning. We evaluate effectiveness of the transform rules through
fundamental experiments and offer discussion on behaviors of the system.

2 Laryngectomee speech

Laryngectomee people try to acquire esophageal or alaryngeal speech &s second
speech to ensble them fo once again communicate effectively in society. The
characteristics of these types of speech are explained in this section. Fig. 3, 4,
and 5 show normal, alaryngeal and esophageal speech, respectively. Each Figure
contains (A)waveform itself, (B)RMS power and (C)fundamental frequency.

2.1 Alaryngeal speech

Alaryngeal speech has an unnatural quality and is significantly less intelligible
than normal speech. The utterances spoken using an artificial larynx, are not able
to contain any intonation, accent and emotion despite the speakers intention.
The cause is that this device is only able to vibrate fixed fmpulse source. Some
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Table 1. Result of speech recognition.

Type of speech Number of utterance Accuracy of correct words

Normal Speech 80 65.82%
Alaryngeal Speech 119 29.61%
Esophageal Speech 107 24.32%

research has improved the performance and quality of speech[9]. Fig. 4 shows a
sample of alaryngeal speech.

2.2 Esophageal speech

Characteristics of esophageal speech mainly depend on difference of sound source
mechanism as shown Fig. 5. Several remarkable features are as follows: lower fun-
damental freguency than normal speech, including a lot of noise and lower vol-
ume[7]. Moreover, differences on prosody and spectral characteristics of speech
are also reported|8].

2.3 Speech recognition for laryngectomee speech

We need to reveal the actual performance of conventional speech recognition for
laryngectomee speech. We utilized Julius[10} as a speech recognition tool. The
acoustic and language models in the system were constructed by the learning of
normal speech utterances. Table 1 explains the result of recognition performance.
It is obvious that the system is not able to treat laryngectomes speech without
rebuilding the acoustic model for esophageal and alaryngeal speech utterances.

3 Speech processing

3.1 Speech data and Spectral characteristics

Various acoustic parameters specific to disordered speech have been developed
and applied to many studies[11]. Our study has succeeded to show acoustic

Table 2. Experimental conditions of speech processing.

Size of frame 30msec
Frame cycle 15msec
Speech window Hamming Window
AR Order } 14
Cepstrum Order 20

Table 3. Information of speakers.

Type of speech Age/Gender Speaker’s feature
Normal Speech 24/Male student

Alaryngeal Speech  70/Male operation in 1990
Esophageal Speech  65/Male  operation in 1994
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differences by a clustering method using these values between normal and dis-
ordered female voices[12]. However, we have focused on results of comparison
experiments using only spectral analysis[8].

We recorded utterance data with 16bit and 48kHz sampling rate, and down-
sampled to 16kHz. These data were spoken by three people whose usual speech
is normal, esophageal and alaryngeal, respectively. Table 2 shows parameters
adopted for speech processing, and Table 3 shows these speaker’s characteris-
tics. In this report, LPC Cepstrum coeflicients were chosen as spectral parameter,
because we could obtain better results than the other representations of speech
characteristics[4].

3.2 Searching for the start point of parts between utterances

When speech samples were being compared, we had to consider how to normal-
ize the elasticity on time-domain. We meditated upon suitable methods that
would be able to give a result similar to dynamic programming{13] to execute
time-domain normalization. We adopted a method to investigate the difference
between two characteristic vectors of speech samples for determining common
and different acoustic parts. We also adopted the Least-Squares Distance Method
for the calenlation of the similarity between these vectors. Two sequences of char-
acteristic vectors named "test vector” and “reference vector” are prepared. The
"test vector” is picked out from the test speech by a window that has definite
length. At the time, the "reference vector” is also prepared from the reference
speech. A distance value is calculated by comparing the present *test vector” and
a portion of the "reference vector”. Then, we repeat the calculation between the
current “test vector” and all portions of the "reference vector” that are picked
out and shifted in each moment with constant interval on time-domain. When a
portion of the "reference vector” reaches the end of the whole reference vector, a
sequence of distance values is obtained as a result. The procedure of comparing
two vectors is shown in Fig. 6. Next, the new *test vector” is picked out by the
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constant interval, then the calculation mentioned above is repeated until the end
of the "test vector”. Finally, we should get several distance curves as the result
between two speech samples.

Fig. 7 shows two examples of the difference between two utterances. Ttalic
characteristics express Japanese. These applied speech samples are spoken by
the same esophageal speaker. The contents of the compared utterances are the
same in Fig. 7(A), and are quite differert in Fig. 7(B) The horizontal axis shows
the shift number of reference vector on time-domain and the vertical axis shows
the shift number of test vector, i.e., the portion of test speech. In the figures,
a curve in the lowest location has been drawn by comparing the head of the
test speech and whole reference speech. If a distance value in a distance curve is
obviously lower than other distance values, it means that the two vectors have
much acoustic similarity.

As shown in Fig. 7(B), the obvious local minimum distance point is not dis-
covered even if there is the lowest point in each distance curve. On the other
hand, as shown in Fig. 7(A}, when the test and reference speech have the same
content, the minimum distance values are found sequentially in distance curves.
According to these results, if there is a position of the obviously smallest dis-
tance point in a distance curve, that point should be regarded as a frame in the
"common part” by evaluating the point by a decision method in our previous
research[4]. Moreover, if these points sequentially appear among several distance
curves, they will be considered a common part. At the time, there is a possibility
that the part corresponds to several semantic segments, longer than a phoneme
and a syllable.



B

Distance value

)
t
'
1
'
i
¥
i
i
'

0 i-] i i+1 iv2 ... N
The shift number of a test vector on time-domain

Fig. 8. Angle calculation.

3.3 Evaluation of the obvious minimal distance value

To determine that the obviously lowest distance value in the distance curve is
2 common part, we need to employ a method based on & criterion. We chose
the angles formed where two lines cross each other. These lines are linked by
two distance points. Figure 8 shows angle calculation within the distance curve.
The angles 8; are determined by a focused point{s) and two neighboring distance
points(i — 1,4 4 1) excluding the start and end points of the distance curve. If
these two points have the minimal distance in a distance curve, we evaluate
them with heuristic techniques. A common part is detected if the lowest degree
of an angle &; is formed by a minimal distance point(f) and its neighboring
points(i — 1,4+ 1), because the portion of reference speech has much similarity
with the “test vector” of the distance curve at a point.

If several common parts are decided continuously, we deal with them as one
common part because we want to partition the utterance into few parts, and the
firgt point in this part will be the start point finally. In our method, the acoustic
similarities evaluated by several calculations based on Least-Square Distance
Method are the only factor for judgment in classifying common or different
parts in the speech samples.

4 Inductive Learning Method

Inductive Learning Method[6] acquires rules by extracting common and different
parts through the comparison between two examples. This method is designed
from an assumption that & homan being is able to find out common and different
parts between two examples althongh those contents are unknown. The method
is also able to obtain rules by repetition of the acquired rules registered in the
rule dictionary. At the time, a sentence form rule is also acquired with a differ-
ent part rule by each comparison of utierances, and registered in the dictionary.
This type of rule consists of different parts and a common part which is replaced
with the variable “@”. Therefore, the rule should represent the abstracted sen-
tence without losing its meaning and be able to restore its context structure
in the learning stage and the transform stage, respectively. This approach has
been applied to many areas of natural language processing. The effectiveness of
the method was also confirmsed in machine translation. Therefore, we applied
this method to acoustic characteristics of speech instead of character sirings for
realizing a direct speech transform approach.
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Figure 9 shows an overview of recursive rule acquisition by this learning
method. Two rules acquired as rule(i) and rule{j) are prepared and compared
to extract cominon and different acoustic parts similar to comparisons between
speech utterances. Then, these obtained parts are designed as new rules. If the
compared rules consist of several common or different parts, the calculation is
repeated within each part. It is assumed that these new rules are much more
reliable for transform.

If several rules are not useful for transform, they will be eliminated by gen-
eralizing the rule dictionary optimally to keep a designed size of memory. The
ability of optimal generalization in Inductive Learning Method is an advantage,
as less examples have to be prepared beforehand. Much sample data is needed
to acquire many suitable rales with conventional approaches.

5 Generation and application of transform rule

5.1 Acquisition of transform rules

Acquired common and different parts are applied to determine the rule elements
needed to generate transform rules. At the time, there are three cases of sentence
structure as the "rule types”. If two compared utterances were almost matching
or did not match at all, several common or different parts are acquired, respec-
tively. And the other case is that these utterances have both parts at the time.
Combining sets of common parts of both normal and laryngectomee speech be-
come elements of the transform rules for rule generation. The set of common
paris extracted from the laryngectomee speech, which have a correspondence
of meaning with a set of common parts in normal speech, are kept. The sets
of different parts become elements of the transform rules as well. Finally, these
transform rules are generated by completing all elements as below. Tt is very
important that the rules are acquired if the types of sentences in both speech
sides are the same. When the types are different, it is impossible to obtain the
transform rules and register them in the rule dictionary becaunse we are not able
to decide the correspondence between two speech sides uniquely. Tnformation
that a transform rule has are as follows:



Table 4. Conditions for experiments.

Frame length of test vector 120msec
Frame rate of both vectors 60msec
Margin of time delay +180ms(+120ms)

The rate of agreement

for adopting rules 95%

— rule types as mentioned above
— index number of an utterance in both speech sides
— sets of start and end points of each common and different part

5.2 Transform and speech synthesis

When an unknown laryngectomee speech is applied to be transformed, acous-
tic information of acquired parts in the transform rules are compared in turn
with the unknown speech, and several matched rules become the candidates to
transform. The inputted utterance should be reproduced by a combination of
several candidates of rules. Then, the corresponding parts of the normal speech
in candidate rules are referred to obtain transformed speech. Although the fi-
nal synthesized normal speech may be produced roughly, speech can directly be
concatenated by several suitable parts of rules in the normal speech side using
the location information on time domain in the rules.

6 Evaluation Experiments

All data in experiments were achieved through several speech processes as ex-
plained in 3.1. We applied 80 utterances of each speaker. The contents of in-
put speech were 54 three-digit numbers and 26 simple sentence included 8 of
"WATASHIWA * WO SURU.”(I1 play * .} and 5 of "SOKODE * WO MIRU.*(1
watch a *.). Ttalic fonts express Japanese. The system was prepared with the
same parameters throughout the experiments for both between esophageal or
alaryngeal and normal speech to evaluate the gemerality of the system. The
conditions shown in Table 4 were also adopted in these experiments. The rule
dictionary had no rule or initial information at the beginning of learning.

We evaluated that the system could obtain a number of useful transform rules
created by only the calculation of acoustic similarity between both esophageal
and normal speech, and alaryngeal and normal speech. Any other criterion was
adopted to limit to acquire transform rules throughout the experiments. When
several common parts were found in the calculation result in comparing ut-
terances, the one with the longest match was acquired as the transform rule.
Moreover, location of parts on time-domain was also evaluated because this char-
acteristic expressed the accuracy of correspondence of parts to those in another
speech side. We allowed a margin for parts appearing in time domain for differ-
ence in elasticity of individual utterances. Two margins, +180ms and +120ms
were applied because they corresponded with 1 and 1.5 mora in the Japanese



Table 5. Comparison of correspondences of acquired rules.

Number of Number of

Speech data Data accuired rules +180ms +120ms
Alaryngeal-Normal 80 2,284 1,665(73.9%) 1,315(57,6%)
FEsophageal-Normal 80 1,378 1,055(76.6%) 646(61.4%)

speech rate, respectively. When corresponding parts between two speech sides
in a rule appeared in appropriate location on time-domain with suitable length,
the rule included these parts was regarded as a correct rule because the corre-
spondences were able to be decided uniquely.

Table 5 shows a number of transform rules acquired by only acoustic sim-
ilarity. The system could also obtain many rules that have appropriate corre-
spondences without any limitation. Percentages in parentheses show the ratio
of total acquired rules to appropriate rules. These rules imply that it is possi-
ble to acquire correspondences between both speech sides by only calculating of
acoustic similarity.

7 Discussion

Many appropriate rules are obtained in both experiments through the same pa-
rameters. The results shows commeon and different parts appear approximately
close location on timme-domain independent of speech type. They also indicate
that calculation of acoustic similarity is able to be a criterion to partition laryn-
gectomee utterances although these are not clear and intelligible and are not able
to be deal with in conventional speech recognition. So, these rules show promising
possibilities for transform experiments. The number of appropriate rules from
esophageal speech is lower than from alaryngeal speech. Noises acerued from
injecting volumes of air into the esophagus are one of the major causes. The ta-
ble also show corresponding parts were adequately acquired in close location on
time-domain between normal and laryngectomee speech. However, the injecting
volurnes causes the other problem that esophageal utterances have a tendency to
be longer than other types of speech. Therefore, longer margin should be needed
to deal with esophageal speech.

In both experiments, the system is able to obtain more than 50% of suit-
able rules with our unique criterion, location of time-domain. This limitation
is indispensable to manage the number of rules. We need other criteria to keep
a small number of rules in the dictionary, for example, stricter limitation on
time-domain, or checking length of extracted common or different parts, and so
oL.

We need to increase the number of speech utterances to obtain more suitable

transform rules, and it is also necessary to consider the contents of utterances
for more effective Tule acquisition and application.



8 Conclusion and future works

In this paper, we have described the proposed method and have evaluated rule
acquisition without being parameter tuning specific for esophageal and alaryn-
geal speech. We have confirmed that appropriate acoustic information is able
to be extracted by calculation of acoustic similarity and that rules have been
generated.

We will consider adopting DP matching method to decrease calculation cost
because the method described in 3.2 needs a large amount of caleulation.

We will have to implement transform experiments with a large amount of
data, and confirm the synthesized speech in normal speech by listening,
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