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coder which caters for all speakers; pro\'ulm& th.i
speaker using 1t is one of that particular set. This paper
describes how speech coders that are ()pl.nnl/,ul Lo ei-
ther male or female speech can be an improvement over
unoptimised coders. These improvermnents are bit-rate
reduction, speech quality and robustness. A rehable
gender identifier is described, which would be practical
for the most demanding applications, achieviug 95%
accuracy after 1 second of speech. The improvemenis
in terms of gondor specific speec h coding are shown in
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with both bit-saving and robustness.

1. INTRODUCTION

The current speech coding standards have all been de-
signed to work effectively for as wide a range of speakers
as possible. Naturally some coders perforin better for
some types of speakers than others, for example it 1s
known that Mandarin speech [3] performs well in LSF
quantisation tests. If a speech coder is optimized to-
wards a particular set of speakers, then its performance
should be greater than that of a coder optimized for
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spe Clhc coding is

ified

all SPEARErs; prov
speakers. One problem with speak
that the aker . be 1dent
In typical mobile applications only a f(‘w seconds of
speech may be available to make such an identification.
The only practical selection that would be possible is
the binary decision of gender (more specifically high
and low pitch speakers). Gender identification can be
reliably carried out after a short burst of voiced speech
using just a pilch estimator [2]. The robustness and
accuracy of the pitch detector will have somne bearing
on the performance of the 1dentifier.

Pitch and LSF quantlsatlon have been (,h()b(.‘n to

:L.

the type of speaker m n some way.

gender “]c),l] it is for bot h oondors this be ut
provide bit-rate reduction. or more refined estim: _hrm

The pitch detec-
tor will be more robust if the range of pitch values is

{(sub-sample estimates for example).
constraied.  Speech coders which rely on a reliable
pitch estimate for analysis will gain by this extra ro-
bustness, so overall speech quality can improve. LSF
quantisation was chosen for gender specific coding for
two reasons: (1) LSE quantisation exists in most mod-
ern speech coders {1], so any improvemenr.s here will be
relevant, to many applications; {2) LSFs represent the
temporal aspect of speech, which has a certain amount
of speaker d(zpe ndeney, so the distribution of LSFs will

differ between male and female speakers.

2. SPEECH DATABASE

The speech database which was used in all of the exper-
et narere A Qb b 1wl TAT L A
LHHIUCIILS Wddb LIIC DUDLSCTIDCT ddlabase l’iJ. 11e gen(l(—tr (921
the speaker for each speech file is known. Table | out-

Speech Set Number of { Total
speakers speech/mins

Pitch traiming | 200 100

Pitch testing | 200 100

LSE training | 400 200

LSE testing 200 100

Table 1: Usc of speech databasc

testing sets are independent. The speech files vary in
lengih, but there is an average of 30 seconds of speech
per speaker. There are the same number of male and



3. GENDER IDENTIFIER

3.1. Pitch Detector

Pitch detection for gender identification does not have
to he particularly precise, robustness being a more valu-
able asset. The pitch detector used in these experi-
ments is a Cepstral based detector. This is a reasonably
reliable method. and not too computationally inteusive.
The position of the peak in the cepstrum determines
the pitch period (within possible pitch value range),
and the size of the peak determines the confidence of
this estimate. Only pitch estimates which are above a
certain confidence threshold are considered. High con-
fidenee scores only occur in voiced speech, and are vir-
tually frec of pitch doubling and halving. The detection
is carried out on the speech signal. not a LP residual as
this proves to be morce reliable. Figure 1 shows the dis-
tribution of pitch estimates in voiced speech for male
and female (adult) speakers. The speech is sampled at
&k Hz. and the pitch periods are in samples. The pitch
training set of speech was used.
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Figure 1 Distribution of pitch estimales for male and
female speakers.

3.2. Identification from Pitch Statistics

Averaging confident pitch estimates over a number of
frames is enough for adequatc gender identification in
the described applications. By taking the average pitch
over 1} confident frames (20ms long frames) and using
a simple threshold decision around 95% accuracy can
be achieved. Figure 2 shows the distribution of average
pitch scores for 200 different speakers over 10 voiced
frames of speech.

By taking a threshold of 41 samples (i.e. male
specch averages over 41 samples, otherwise female), the
following accuracy results were achieved:-
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Figure 2: Distribution of mean pitch estimates for male
and female speakers.

Gender of test set | Accuracy
Male 94.25%

N qmQ
Temale 95.37%
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of pitch detection and LSF quantisation improvements.

4. IMPROVED LSF QUANTISATION

LSI" quantisers trained on a particular gender should
perform better with that gender than LSIs trained
with both genders. Three sets of LSFs were trained
using male, female, and both scts of speakers. The test
speech was independent of the training speech.

4.1. Vector Quantisation Techniques

Two methods of LSF vector quantisation were tried,
a straightforward 10-dimension VQ and a 4-3-3 split
VQ (similar to [3]). Both were trained using the LBG
algorithm with a Euclidean distance metric. For the
10-dimension VQ, codebooks from 5 bits to 12 bits
were generated. For the split VQ each codebook from 2
bits to 7 bits were generated, producing total codebook
sizes ranging from 6 bils to 21 bits.

4.2. Results

The performance of the VQ is tested by measuring its
Log Spectral Distortion (LSD, equation 1) for cach of
the codebooks.

1 m
LSD = ;/ [101og,, S{w) — 101og,q S*(w)] (1)
T Jo



where S(w) is the unquantised LPC power spectrum.
and S'(w) 1s the quantised LPC power spectrum.

Figures 3 and 4 compare the performance of code-
books trained on a specific gender to one trained on
both genders. The graphs show how LSD varies with
codebook size. It is clear that there is a significant un-
provenient in using a gender specific codebook. For a
given LSD level around 2 bits can be saved for male
speakers. and 2.5 bits for female speakers.

Figures 5 and 6 show the performance of the split
VQ. It can be seen it is not as good as the 10-dimension
VQ. Female speech only showing 1.5 bils improvement.
and male speech barely makes any difference.

male

Figure 3: Comparing a male specific VQ with a general
one.

Figure 4: Comparing a female specific VQ with a gen-
eral one.
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Figure 5: Comparing a male specific split VQ with a
general one.
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Figure 6: Comparing a female specific split VQ with a
general one.

5. ROBUST PITCH DETECTION

The robustness of pitch detection can be improved if
the range and possible pitch valucs is constrained. By
using the gender of the speaker it is possible to set
a more constrained range of pitch values. From the
graph in Figure 1 it can be shown that male pitch pe-
riods occur mainly between 36 and 95 samples, and
female pitch between 20 and 58 samples. Constraining
pitch searches will reduce the chance of pitch halving
and doubling, and may speed up the pitch detection
process, as the search is smaller.

One bit saving can be achieved with the scheme
shown in table 2.

Female speakers can also benefit from sub-sample
resolution. Figure 7 shows how constraining male pitch



f(;endor | Pitch Range LR,OS()IUUOII 1 Bim
Male 36-99
Female | 20-35.5
3667 ) 1 sample
Both 20-120

I sample 6

0.5 sample | 6

1 sample 7

Table 2: Pitch bit allocation scheme

detection improves robustness.
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Figure 7: Constrained and unconstrained pitch tracks
for some male specch.

6. APPLICATIONS

Figure 8 shows how the gender identifier would be added
as a front end to a speech coder. The gender identifier
outputiing a flag to the coder’s pitch detector and LSI
quantiser. The coder will also transmit this flag to the
decoder in some way. It would not be particularly ef-
ficlent to transmit this bit every frame, so a reserved
codebook entry in one of the parameters which could
be transmitted in a silence frame would be a more effi-
cient solution. The set-up shown assumes the gender of
the speaker will not change throughout the use of the
coder; this may not be be case in some applications. Ei-
ther a user-controlled reset, could be implemented or an
autornatic system, where after a pre-defined amount of
non-speech activity occurs a reset can be done. Other
specch coder specific parameters may also benefit from
gender specific quantisation, such as the harmonic am-
phtudes in MBE coders. Overall bit allocation may be
altered on a gender dependent basis, for example one
bit less for female pitch than male pitch.
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Figure 8 Combining gender identifier with a speech
coder.

7. CONCLUSIONS

The results in this paper indicate that by the applica-
tion of gender specific quantization of LSEF and piteh
parameters, improvements in coding efficiency can by
gained. The gains in pitch detection robustness can
have also improve analysis in other parts of the speech
coder. The gender identifier can be made into a simple
front-end to most speech coders with very litle pro-
cessing overhead. Reliable identification can be made
after just a second of speech, so it is practical for mobile
applications.
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