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Abstract

In this paper, we evaluate elderly speaker acoustic models
in LVCSR, which are trained by the 301 elderly speakers'
database from the age of 60 to 90. Each speaker utters
200 sentences. The elderly speaker PTM (Phonetic Tied
Mixture) acoustic model attains 88.9% word recognition
rate, which is better than 86.0% word recognition rate by
the usual adult (an average age of 28.6) PTM acoustic
model. To achieve higher recognition rates, we use two
types of speaker adaptation methods, which are a su-
pervised MLLR and an unsupervised adaptation method
based on the su�cient HMM statistics. In our exper-
imental results, the elderly acoustic model is better as
the adaptation baseline HMMmodel than the usual adult
model for elderly speakers.

1. Introduction

Speech recognition technologies have been widely used
in various areas due to the recent developments of large
vocabulary continuous speech recognition (LVCSR) tech-
nologies. Acoustical di�erence among speakers is con-
sidered to be one of the main reasons for the degrada-
tion of speech recognition rates. Especially, the acoustic
di�erence between elderly speaker speech database and
usual adult speech database should be evaluated and re-
searched for elderly speakers to use speech recognition
systems.

The elderly acoustic model that trained by elderly
speaker utterances can reduce this degradation, which is
con�rmed from a document retrieval system[1]. In this
paper, we evaluate the elderly acoustic model in LVCSR,
which are trained by the 301-elderly-speaker utterance
database, where each speaker utters 200 sentences.

2. Elderly speech database

We have collected elderly speech database, which con-
tains 301 speakers from the age of 60 to 90, and each
speaker utters about 200 sentences, 133 hours in all. Each
speaker, who lives in Osaka area, utters 100 newspaper
articles and 100 ATR phoneme-balanced sentences. The
speech waves are digitized at 16kHz sampling frequency
and 16 bits quantization. Another 100 speakers are
recorded as test speakers. An orthographic transcription

Table 1: Age distribution of elderly speakers.

training speaker test speaker

age male female total male female total

60-64 47 52 99 6 12 18

65-69 49 46 95 9 7 16

70-74 39 35 74 6 2 8

75-79 11 14 25 2 2 4

80-84 4 2 6 0 0 0

85-89 1 0 1 0 0 0

90-94 0 1 1 0 0 0

total 151 150 301 23 23 46

Table 2: Age distribution of JNAS speakers.

training speaker test speaker

age male female total male female total

10-19 1 0 1 0 0 0

20-29 73 68 141 17 13 30

30-39 35 39 74 5 8 13

40-49 10 14 24 1 2 3

50-59 5 5 10 0 0 0

over 60 5 3 8 0 0 0

unknown 1 1 2 0 0 0

total 130 130 260 23 23 46

is checked by hearing. The utterances are recorded with
a headset microphone in a recording booth. The age dis-
tribution of the speaker is shown in Table 1. To compare
elderly acoustic models with usual adult acoustic models
(we use JNAS acoustic models), which was trained from
Japanese Newspaper Article Speech database (JNAS)[4].
The age distribution of the JNAS speakers is shown in Ta-
ble 2. The JNAS speech database contains 260 speakers
and each speaker uttered about 150 sentences, 69 hours
in all. The HMM parameters and its training procedure
are the same as these of the elderly acoustic models.

3. Elderly speech recognition

3.1. Recognition system

An evaluation task is dictation of Japanese newspaper
articles. We use the large vocabulary continuous speech
recognition system JULIUS[3]. The language model is
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Table 3: HMM con�guration parameters.

HMM model state mixture number of Gaussian

monophone 43�3 16 43�3�16
triphone 2500 16 2500�16
PTM 2500 64 43�64

Table 4: Acoustic feature.

window length 25msec hamming
window interval 10msec
parameter MFCC+�MFCC+�Pow(total 25 dim.)
CMS applied by a whole sentence utterance

built from a newspaper, and the lexicon size is 20k. The
test set contains 200 sentences uttered by 46 elderly test
speakers, who are di�erent from 301 training speakers.

3.2. Acoustic model

The elderly acoustic models are trained from the elderly
speech database. The JNAS acoustic models are trained
from the JNAS speech database. Three kinds of acoustic
models (monophone, PTM, and triphone) are trained as
the elderly acoustic models and the JNAS acoustic mod-
els. The HMM con�guration parameters for each acous-
tic model are listed in Table 3. Each acoustic model is
left-to-right three state HMMs of 43 phones. The PTM
(Phonetic Tied Mixture) model is made from monophone
models with 64 mixture components per HMM state
by assigning di�erent mixture weights according to the
shared states of triphones[2]. To deal with the di�er-
ences between genders, we train both gender-independent
(GI) models and gender-dependent (GD) models for each
HMM. Acoustic feature parameters are shown in Table
4.

3.3. Evaluation of acoustic model

3.3.1. Elderly acoustic model

To investigate the improvement by the elderly acoustic
model, the elderly speech is recognized by the elderly
acoustic model and the JNAS acoustic model. Table 5
shows word correct rates for elderly test speakers using
each model. The word correct rates by the JNAS acous-
tic models are shown in the parenthesis. In Table 5, the
results are shown for male average, female average and
total average in GI and GD models of the monophone,
the PTM and the triphone HMM models. Compared
with JNAS models, the elderly GI acoustic model attains
4.3% improvement for the monophone model, 2.9% im-
provement for the PTM model, and 5.0% improvement
for the triphone model. These results show that the el-
derly acoustic models are much better than usual adult
acoustic models for elderly speech.

3.3.2. Comparison with usual adult speech recognition

rate

We compare the recognition rate of usual adult speech
with that of elderly speech. Table 6 shows recognition
results (word correct rates) for the JNAS test speakers

Table 6: JNAS speaker word correct rates by JNAS
acoustic models.

monophone PTM triphone

GI GD GI GD GI GD

average 83.6 86.8 92.1 93.4 94.4 94.9

male 81.9 85.5 90.9 92.4 93.7 94.3

female 85.3 88.1 93.4 94.4 95.1 95.4
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Figure 1: Each speaker's word correct rates for gender-
dependent PTM models.

by the JNAS acoustic models. From the results in Ta-
ble 6 and Table 5, there is 6.6% degradation for elderly
speakers with the JNAS monophone model (GI), 6.1%
degradation with the PTM model (GI), and 8.4% degra-
dation with the triphone model (GI).

Figure 1 shows word correct rates for each test
speaker by the PTM gender-dependent models1. These
results show that elderly speech recognition is especially
di�cult for male. Elderly female result using elderly
acoustic model is almost the same as the JNAS female
results by JNAS acoustic models.

3.3.3. E�ect of database size

To investigate the e�ect of database size, we train
the \JNAS+Elderly acoustic models" from the both
databases of the elderly one and the JNAS one. Table 7
shows recognition results using the JNAS+Elderly acous-
tic models. The acoustic models are gender-independent
models, which are trained through the same procedure as
the elderly acoustic models and the JNAS acoustic mod-
els. In Table 7, the results are shown separately in elderly
speakers and JNAS speakers. Their word accuracy rates
are shown in the parenthesis.

Compared with the results in Table 6 and Table 5,
there are 2.1% degradation for JNAS speakers and 0.2%
degradation for elderly speakers with the monophone
model. With PTM model, there is 1.1% degradation
for JNAS speakers. For elderly speakers, both results
are same. With triphone model, there is 0.1% degrada-

1The results for test speakers are ordered according to their

word correct rates.
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Table 5: Elderly speaker word correct rates(%) by elderly acoustic model. () is rates by JNAS acoustic model.

monophone PTM triphone

GI GD GI GD GI GD

average 81.3(77.0) 83.5(80.0) 88.9(86.0) 90.8(87.4) 91.0(86.0) 91.9(87.6)

male 75.5(69.8) 77.4(74.5) 84.5(80.3) 87.1(83.4) 88.1(81.2) 89.0(84.0)

female 87.1(84.2) 89.6(85.5) 93.3(91.7) 94.4(91.4) 93.8(90.7) 94.7(91.2)

Table 7: JNAS+Elderly acoustic model results, word cor-
rect, and word accuracy shown by ().

monophone PTM triphone

JNAS 81.5(78.0) 91.0(90.0) 94.3(93.4)

Elderly 81.1(78.0) 88.9(86.2) 90.9(88.6)

Table 8: Elderly speaker's adaptation results by MLLR.

initial model initial 10 sentences 50 sentences

monophone (JNAS) (77.0) (81.6) (83.8)
Elderly 81.3 82.9 84.0

PTM (JNAS) (86.0) (88.3) (90.1)
Elderly 88.9 90.2 91.4

tion for both JNAS speakers and elderly speakers. These
results shows, elderly acoustic models and usual adult
models are required for better speech recognition.

4. Speaker adaptation

In this section, we test two adaptation methods for el-
derly speech recognition. From the result in 3.3, it is
more di�cult than usual adult speech to achieve high
recognition rate in elderly speech recognition. To achieve
better recognition results, the speaker adaptation meth-
ods have been widely used.

4.1. MLLR speech adaptation

MLLR[5] is a popular scheme and it has been widely
used. In this experiments, the adaptation of HMM pa-
rameters is done for means of Gaussian mixtures. The
utterances used by MLLR are di�erent from the HMM
training set. We investigate the e�ect of initial HMM
models for MLLR elderly speaker adaptation. We adopt
the JNAS usual adult model and the elderly acoustic
model as initial baseline HMM phoneme models. The
MLLR adaptation is done for each speaker.

The experiment results are shown in Table 8. When
10 sentences are used, the elderly initial model is 1.3%
better than the JNAS initial model for monophone, 1.9%
better for PTM. When 50 sentences are used, there is
almost no di�erence of both models for monophone, and
the elderly acoustic model is 1.3% better than the JNAS
acoustic model for PTM. These results show that the
initial baseline model is important for MLLR, and the
elderly acoustic model is useful for speech adaptation of
elderly speakers.

Table 9: Speaker adaptation by speaker selection and
HMM su�cient statistics using JNAS+Elderly acoustic
models.

JNAS test speaker Elderly test speaker
initial adapted initial adapted

monophone
(N=20)

81.5 85.5 81.1 84.0

PTM
(N=40)

91.0 92.9 88.9 90.4

4.2. Speaker adaptation by speaker selection and

su�cient statistics

When the elderly speakers use a speaker adaptation
method such as MLLR, they have to utter a lot of sen-
tences. It is a hard work job especially for elderly persons.
We test an unsupervised adaptation method, which use
the su�cient HMM statistics from selected speakers[6].
In this method, only one arbitrary utterance is required.

4.2.1. Adaptation e�ect

The su�cient HMM statistics are calculated for each
561 speakers who was used in the JNAS+Elderly HMM.
For selecting a subset of these su�cient HMM statis-
tics, speaker GMM models consisting of the 64-Gaussian
mixture model, which is a phone-independent one-state
HMM, are used. The GMM acoustic likelihoods for one
sentence utterance uttered by test speakers are used. The
adapted HMM was synthesized from the top N-nearest
speaker's HMM su�cient statistics. The numbers of N
are 20,40,60,80, and 100 in the experiments. The best
results are shown in Table 9. In the Table 9, the el-
derly test speaker achieve 2.9% better results than ini-
tial speaker-independent model's results by monophone.
With PTM model, the improvement rate is 1.5%. These
results shows that this adaptation method attains bet-
ter adaptation e�ect than the supervised MLLR by 10
sentence utterances.

4.2.2. E�ect of initial adaptation model

We tested the initial adaptation model e�ects for the
elderly acoustic model and the JNAS acoustic model.
The adapted HMMs are synthesized from a subset of
301 HMM su�cient statistics for the elderly test speak-
ers. These HMM su�cient statistics are calculated using
the elderly acoustic model. As for the number of se-
lected speakers, it is 20 for the monophone and 40 for
the PTM, respectively. For the JNAS test speakers, we
use the JNAS acoustic model as the initial model and
260 HMM su�cient statistics which are calculated using
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Table 10: Speaker adaptation by speaker selection and
HMM su�cient statistics by elderly acoustic model and
JNAS acoustic model.

initial model is JNAS test speaker elderly test speaker
elderly acoustic model initial adapted initial adapted

monophone 78.5 81.9 81.3 83.7

PTM 86.6 90.6 88.9 91.2

initial model is JNAS test speaker elderly test speaker
JNAS acoustic model initial adapted initial adapted

monophone 83.6 86.6 77.0 78.7

PTM 92.1 93.8 86.0 87.2
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Figure 2: Adaptation improvement for each speaker.

the JNAS acoustic model.

Table 10 shows the word correct rates after the adap-
tation with the elderly acoustic model (upper) and the
JNAS acoustic model (lower). From the results, the el-
derly initial model is 5.0% better than the JNAS initial
model for monophone, 4.0% better for PTM. The elderly
acoustic model is useful as an initial adaptation model
for the elderly speakers.

From the comparison with the adaptation results in
Table 9 and Table 10, the elderly acoustic model is bet-
ter as the initial HMM model than the JNAS+Elderly
acoustic model for the elderly speakers. The same is true
for the JNAS test speakers.

The improvements of word correct rates for each el-
derly speaker are shown in Figure 2. The horizontal axis
notes test speakers who are sorted according to the word
correct rates of the pre-adaptation (speaker-independent
model). Figure 2 shows that the low correct speakers are
highly improved.

5. Conclusion

We evaluated elderly speaker acoustic models in LVCSR.
The elderly speaker PTM acoustic model attains 2.9%
better word correct rates compared with those by the
usual adult PTM acoustic model. The results of gender-
dependent models show that it is especially di�cult to
recognize elderly male speaker speech.

We trained the JNAS+Elderly acoustic models from
the elderly database and the JNAS database. These uni-

�ed JNAS+Elderly acoustic models show the degrada-
tion for both the elderly test speakers and the JNAS test
speakers. Thus, the elderly acoustic models and the usual
adult models are required separately.

We tested a MLLR speaker adaptation method for
the elderly speech. The adaptation by the elderly PTM
model as an initial model shows 1.9% higher than JNAS
acoustic model. This means, initial model is important
for MLLR, and the elderly acoustic model is useful for
speaker adaptation with the elderly speech.

We tested an unsupervised adaptation method which
use the su�cient HMM statistics and speaker selection
using the elderly acoustic model, the JNAS acoustic
model, and the JNAS+Elderly acoustic model. As this
method requires only one unsupervised utterance. It is
useful for elderly persons. This method attains better
adaptation than MLLR by 10 utterances.
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