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ABSTRACT

In automatic tone language recognition, lexical tone
identification forms an integral part of the recognition
process. In this paper, automatic recognition of
Cantonese lexical tone in connected speech is tackled.
Cantonese is a commonly used Chinese dialect and is
very rich in tones. Data for this study are from a male
native speaker of Cantonese. The study proceeds in 3
stages. Stage 1 studies the feasibility of lexical tone
recognition using manually segmented Fo contours.
Stage 2 is concerned with the design of a novel approach
in automatic segmentation of Fo contours. Stage 3
develops a lexical tone recognition algorithm using
automatically extracted Fo contours. Preliminary results
show that for a fully automatic system, a tone recognition
rate of 72.1% (N=725) is achieved for connected speech

INTRODUCTION

Many Chinese dialects (e.g. Cantonese, Mandarin) are
tone languages which mean that the change of tone,
whose main correlate is relative pitch pattern, associated
with a base syllable will signify a difference in meaning.
In Cantonese, for example, the syllable /ma/ spoken on a
high level pitch pattern means mother while the same
syllable on a low level pitch pattern means scold. There
are basically six contrastive pitch patterns (lexical tones)
in Cantonese as shown in figure 1. To recognise a spoken
Cantonese character, the base syllable, which is
monosyllabic, as well as the lexical tone have to be
identified. When two or more syllables are articulated
together (e.g. in poly-syllabic words), it is observed that
there are co-articulatory effects .both on tones and on
segments. There are further complications of lexical tone
by different sentential contexts as shown in figure 1 and
figure 2. Previous work on automatic tone recognition
were either on isolated words or on poly-syllabic words
but not on words in different sentential contexts {1-4].
For tone recognition in connected speech, several
alternatives are available. The first one is to keep the
same number of lexical tones as in the isolated word
context. The second one is to group confusing tones
together e.g. put tone3 and tone6 together and treat it as a
single tone category. The third one is to ignore tone
altogether. For the second and third option, the
complexity in decoding spoken utterances into written
form would be much higher.
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Our present study is divided into three parts. We first
investigate the feasibility of lexical tone recognition in
polysyllabic words and in different sentential contexts
assuming that the segmentation of relevant Fo contours
can be performed manually and the sentential contexts
are also available a priori. The results of this study form
the framework and reference for the development of a
fully automatic tone recognition system for connected
speech. The second part is to design efficient algorithms
for automatic segmentation of relevant Fo contours and
automatic extraction of sentential contexts. The third part
attempts to construct a tone recognition system for
connected speech using automatically extracted Fo
contours.

The subject of this study is a male native speaker of
Cantonese which is a common dialect in southern China.
The polysyllabic word context is formed by putting a
certain syllable with different lexical tones in different
positions of bisyllabic and trisyllabic words. Four
different sentential contexts namely sentence initial,
sentence medial, sentence final and contrastive will be
considered (figure 3). The data for tone recognition are
fundamental frequencies (Fo) extracted from the speech
waveform. They are used as inputs for a multi-layer
perceptron (MLP) with configuration 10-20-6 (10 input
nodes, 20 hidden nodes and 6 output nodes). Nodes
between adjacent layers of the MLP are fully connected.
Such a configuration is based on our previous work of
tone recognition on isolated words. Training of the MLP
is by error back propagation with delta-bar-delta learning
rate adaptation [5]. Cross validation method is used as
the stopping criterion for MLP training.

TONE RECOGNITION USING MANUALLY
SEGMENTED Fo CONTOURS

The speech pressure waveform of the voiced part of
the target syllable is segmented manually. Fo's are
extracted by the time based Fo extraction programme of
the Kay Computerised Speech Lab 4300. Tone
recognition results of a single speaker using simple Fo
data in poly-syllabic words and in different sentential
contexts are 85.4% (N=294) and 65.7% (N=240)
respectively (N is the number of test samples). For
comparison purpose, our previous work on tone
recognition in isolated Cantonese words has obtained a
speaker dependent recognition rate of approximately
93%. The recognition rate in sentential contexts has
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dropped severely because the Fo contours are shifted up
or down according to sentential contexts (figures 1 & 2).
Thus, different normalisation methods for the Fo data are
explored to improve the recognition rate.
A) Base only method. This method is used by Yang et.
al. [4]
Fo

Fo =log, (

)
Fref

where Fef is the average value of Fo for tone 4,
Fo is the normalised Fo.
B) Logrange method

log, Fo — log, (Ftone4)

Fo =
log, (Fionel) — log , (Ftone4)
where Ftonel and Ftone4 represent the average Fo
of the respective tones.
C) Linear mapping method

. (Ftonelwef - Ftonedref)
o =

(Ftonelcon - Ftonedcon)
x (Fo — Ftonedcon) + Ftonedref

where Ftonelref is some reference value for tone 1
and Ftonelcon is the value of tone 1 in a certain
context

Tone recognition results for poly-syllabic words are:-

Normalise | without (A) (B) ©
methods normalisation

recog. rate | 85.4% 854% | 86.1% | 88.1%
of test data

Tone recognition results for different sentential
contexts are:-

Normalise | without (A) (B) ©
methods normalisation

recog. rate | 65.7% 77.8% | 85.9% | 86.2%
of test data

The best results using normalised Fo data are 88.1% in

polysyllabic words and 86.2% in different sentential
contexts. The improvement for poly-syllabic words is
only marginal and method A is obviously less effective
than the other two methods. We can say that Fo
normalisation is not essential in poly-syllabic word
context but is obligatory in different sentential contexts.

AUTOMATIC SEGMENTATION OF Fo
CONTOURS

As lexical tone is essentially the Fo contour associated
with a vowel, it is necessary to find the approximate
location of a vowel. This is a very difficult task and we
have adopted the following approach. The minimum
negative peak to maximum positive peak amplitude plot
within a 20ms window (with 10ms frame rate) is
extracted from the speech waveform. Peak picking is
performed on the peak to peak plot. The peaks are
pruned by applying time and magnitude constraints.
Then, mel-frequency cepstral coefficients at the peak
locations are compared and further pruning is performed.
Finally, approximate locations of vowels are obtained by
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segmenting adjacent peaks in a certain ratio e.g. 1.5:1
(figure 4). This algorithm is simple and computationally
efficient. Also, a reasonably good segmentation result
can be obtained.

Fo exiraction from speech waveform is facilitated by
the peak picking algorithm as reported in [6]. Further
improvement on the algorithm is achieved by peak
picking on both the positive peaks and the negative
peaks. The Fo plot is obtained by sampling the peak
marks at 200Hz. This Fo plot is smoothed by a 5-point
median method: discard the largest and the smallest
within a window of 5 Fo frames and output the mean of
the remaining frames.

The sentential context of a certain Fo contour is
determined by the position of the centroid of the Fo
contour in the sentence (figure 5).

Using 10 sets of sentential data, the accuracy of
locating a vowel is approximately 85.7% (number of
vowels: 2169, number of hits: 2085, number of insertion
errors: 226, number of deletion errors: 84).

TONE RECOGNITION USING

AUTOMATICALLY EXTRACTED Fo CONTOURS

In this section we describe a totally automatic tone
recognition system for connected speech which makes
use of the vowel segmentation and Fo extraction
algorithm mentioned earlier. MLP is used to recognise
the Fo contours. Generally, 10 points are extracted
linearly from each Fo contour along the time axis. For
training, the hand labelled vowel stretches are used to
extract their corresponding Fo contours. For testing, the
vowel stretches detected by the above vowel
segmentation algorithm are employed. We use 5 sets of
data for training, 3 sets for testing and 2 sets for cross
validation. Several experiments have been performed:-
1. No sentential position information

All the Fo contours from different positions in a
sentence are grouped together and no information on
sentential position is given. This experiment’s result can
be considered as the baseline for further improvements.
The recognition rate for test data is 57.8% (N=725).
2. Manually defined sentential position information

In this experiment, some manually defined sentential
position information is used to divide the data into 3 sets:
sentence initial, sentence medial and sentence final. For
each of the 3 sets of data, a separate MLP is trained. The
recognition rates of test data for initial, medial and final
are respectively 69.4% (N=245), 56.5% (N=324) and
77.5% (N=156). The weighted mean of recognition rates
for test data, test development data and training data are
65.4% (N=725), 68.5% (N=448) and 76.2% (N=1062).
It can be seen that manually defined sentential position
information improves the recognition rate by 7.6% which
is significant.
3. Automatic incorporation of sentential position
information by MLP

It has been found that MLP has the capability of
performing automatic normalisation by some kind of
counter-balance mechanism if raw normalisation data are
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provided as extra input nodes for MLP. Thus, 2 extra
input nodes are added to provide the following sentential
position normalisation information:-
duration between the vowel's centroid &
the begin of sentence

relative position = -
duration of the whole sentence

duration of the whole sentence

normalised duration of a sentence =
constant

Only 1 MLP is needed for all the training data. The
recognition rate for test data is 67.0% (N=725) which is
better than the manual method by 1.6%.
4. Automatic integration of neighbouring Fo contexts

As the realisation of a certain lexical tone is affected
by its neighbouring tones, another 2 extra input nodes are
added. The first node is the average of the preceding
vowel’s Fo contour and the second node is the average of
the following vowel’s Fo contour. The recognition rate
for test data is 72.1% (N=725) which is further improved
by 5.1%. The confusion matrix of the recognition result
is shown below.

Confusion matrix of tones:-

1 2 3 4 5 6 [%c/%e]
1y 77 1 2 1 0 8 [86.5/1.7]
2 7 113 1 13 3 2 [81.3/3.6]
3 2 4 51 3 1 22 [61.4/44]
41 11 5 6 71 2 27 [58.2/7.0]
51 16 9 2 2 54 2 [63.5/4.3]
6 3 15 7 18 7 157 [75.8/6.9]

N=725, average recognition rate=72.1%

DISCUSSION & FUTURE WORK

From the above tone confusion matrix, it is noticed
that the main errors resulted from tone 1 being
recognised as tone 6, tone 2 being recognised as tone 4,
tone 3 being recognised as tone 6, tone 4 being
recognised as tones 6 or 1, tone 5 being recognised as
tones 1 or 2 and tone 6 being recognised as tones 4 or 2.

It has been shown that the main confusions for tones
in isolated words are those with similar contour shape
but different Fo level e.g. tones 1, 3, 4, 6 are easily
confused, so as tones 2 and 5. However, for tones in
connected speech, such confusion pattern is less
discernible. This can be attributed to two reasons. Firstly,
there is increased variability in lexical tone realisation in
connected speech. Secondly, tone recognition error is
introduced by erroneous segmentation of Fo contour. For
example, if the last part of a tone 2 Fo contour was
incorrectly segmented out as an independent unit for tone
recognition, it is highly probable that the unit would be
recognised as tone 1.

It has been shown that both sentential position
information and neighbouring Fo contexts are crucial for
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tone recognition in connected speech. At present, only
the averages for the preceding vowel’s Fo contour and
the following vowel’s Fo contour are used. Yet, there are
other options e.g. the whole preceding vowel’s and
following vowel's Fo contours may be used. In addition,
pitch information about the whole sentence may also
improve the tone recognition results.

In this paper, the 10 sets of sentential data were
recorded on the same day. It is noticed that there is
variation in pitch range for speech produced on different
days even for a single speaker. Thus, it is necessary to
devise some methods to normalise this intra-speaker
variation.

A knowledge based approach has been used to find
the approximate location of a vowel and the accuracy
obtained is 85.7%. The authors are currently developing
a more sophisticated MLP approach for vowel location.
The preliminary result achieves an accuracy of 94.7%.
More work is carried out in this area and it is likely that
further improvements in tone recognition could be
obtained.

Furthermore, it is known that tone realisation is
dependent on its stress or contrastive level. However,
stress in turn depends on many factors: short term
energy, duration of vowel, fundamental frequency
contour, sentential position and the vowel itself.
Incorporating stress information in the recognition
algorithm will inevitably make it more complicated,
work is currently undergoing to investigate its
applicability.
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Figure 1: Cantonese lexical tones in sentence Figure 2; Cantonese lexical tones in sentence
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Figure 3: example of different sentential contexts (verbatim paraphrase)
The target syllable in __is */si/” in different tones.
1) sentence initial: ___ character was very difficult to write.
2) sentence medial: He said __ character was very difficult to write.
3) sentence final: Who said this was __? He said this was ___.
4) contrastive: He said 'field' character was difficult to write, but __ character was more difficult to write.
Figure 4;: Approximate vowel location and location of Fo contour in a sentence
wav: speech pressure waveform (superimposed with peak marks)
fxs: smoothed Fo plot
ste: min negative peak to max positive peak amplitude plot
ZCr: Zero crossing rate
lola: hand labels for the speech data
track: pruned peak picking results on the peak to peak plot (ste)
contour: location of Fo contours, (1): sentence initial position, (2): sentence medial, (3): sentence final
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Figure 5: Sentential context of Fo contour
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initial medial final ; sentence
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