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Abstract—Age estimation approaches using a discrete support
vector machine (SVM) and continuous support vector regression
(SVR) are systematically compared. Along with the two types of
estimators, several speech-based features including a maximum
a posteriori (MAP) adapted Gaussian mixture model (GMM)
supervector and our proposed maximum likelihood linear regres-
sion (MLLR) transform vector are investigated. Experiments are
performed using speech data from the Corpus of Spontaneous
Japanese (CS8J). Experimental results show that the SVR-based
estimator using MAP adapted GMM supervector features give
the highest estimation performance.

[. INTRODUCTION

Speech-based age estimation is useful for various applica-
tions. For example, it could be used for determining the target
of an advertisement for marketing purposes. For an automatic
dialogue system, it could be used to improve dialogue strategy
based on an estimated age [1]. Several approaches have been
proposed for speech-based age estimation in terms of features
and estimators. These include combinations of mel-frequency
cepstral coefficient (MFCC) features and Gaussian mixture
model (GMM)-based classifiers [2], [3], MFCC features and
hidden Markov model (HMM)-based classifiers [4], and fixed
length features consisting of the median of a MFCC sequence
and support vector machine (SVM)-based classifiers [2]. These
age estimation frameworks are similar to those used in speaker
recognition.

While these GMM and SVM-based systems predict a dis-
crete age class, continuous regression-based systems are more
popular in the image processing area since they can natu-
rally model the continuous nature of age. Recently, support
vector regression (SVR) [5]-based age estimation systems
using speech features have been proposed [6]. However, there
has been no systematic comparison on these continuous and
discrete modeling approaches using speech features.

In terms of features, maximum likelihood linear regression
(MLLR) transform [7]-based features have been proposed in
the speaker recognition area [8]. Since an MLLR transform
is estimated so as to adapt a speaker-independent model to a
speaker-dependent model, the transform can be regarded as a
compact representation of speaker characteristics. When it is
used as features for speaker recognition, it has the advantage
that it can extract speaker characteristics more directly than
short-term features such as the MFCC. While it is expected
that the MLLR transform-based features can also be used for
age estimation, there has been no such study.

In this study, we applied the MLLR transform-based fea-
tures for age estimation and compared them with maximum
a posteriori (MAP) [9]-based GMM supervector features [10)]
that were also based on speaker adaptation. As the age esti-
mator, both discrete SVM and continuous SVR-based systems
were systematically evaluated using these features with the
same evaluation criteria.

This paper is organized as follows. In Section II, features for
age estimators used in this study are explained. Age estimators
using discrete and continuous estimators are explained in
Section III. Evaluation criteria are explained in Section I'V, and
experimental setups are described in Section V. Experimental
results are shown in Section VI, and a summary and future
work are given in Section VII.

II. FEATURES FOR AGE ESTIMATION

Three types of features are investigated for SVM and SVR-
based age estimation. The first type of feature is the MAP-
GMM supervector that has been used in [10]. The second and
third types of features are our proposed MLLR transform and
MLLR-GMM supervector features, respectively. These MAP
and MLLR adaptation-based features are described below. In
this study, as in studies [6], [10], [11], age is estimated using
multiple utterances.

4. MAP-GMM supervector features

MAP-GMM supervector features are based on MAP adap-
tation of a GMM. Given utterances from a speaker, a speaker-
independent initial GMM is first adapted by MAP adaptation
to that speaker. Then, a supervector is formed by concatenating
mean vectors of Gaussian components of the adapted GMM,
and the supervector components are used as fixed-size features
for age estimation.

B. MLLR transform features

MLLR transform features are based on MLLR speaker
adaptation using a GMM or HMM initial model. Equation |
shows a model-space MLLR transform for a mean vector g of
a Gaussian component, which is an affine transform specified
by a matrix A and a vector b.

fi=Ap+b (1)

The transform is estimated so as to maximize the likelihood
of the transformed model for a set of adaptation utterances.

470

Proceedings of the Second APSIPA Annual Summit and Conference, pages 470473,
Biopolis, Singapore, 14-17 December 2010.



output

Fig. 1. Age estimation based on overlapping age window

To estimate an age using a small number of utterances in this
study, a single global transform is used to convert all Gaussian
components. Moreover, to further reduce the number of free
parameters in the transform estimation for robust parameter
estimation, A is restricted to be a block-diagonal matrix.

When phone HMM is used as an initial model, phone labels
are required to estimate an MLLR transform. In this study, a
manual transcript is used for this purpose. No transcript is
required when a GMM initial model is used. In the following
of this paper, MLLR transform features based on the GMM
initial model are referred to as MLLR-GMM transform, and
the HMM initial model-based transform is referred to as
MLLR-HMM transform.

C. MLLR-GMM supervector features

Similar to the MAP-GMM supervector features, MLLR-
GMM supervector features are formed by re-arranging the
mean vectors of an MLLR adapted GMM. Differences from
the MLLR-GMM transform features are that transformed
mean vectors are used rather than the MLLR transform itself.
The dimension of the MLLR-GMM supervector is the same
as the MAP-GMM supervector when the same initial GMM
is used.

III. AGE ESTIMATORS

The SVM-based discrete age estimator and the SVR-based
continuous estimator are investigated. For comparison pur-
poses, the MFCC-based GMM classifier is also evaluated.

A. SVM-based age estimator

Age estimation using SVM is based on predicting an age
class. For precise age estimation, the number of age classes
needs to be large. On the other hand, enough training samples
need to be assigned for each age class for better SVM estima-
tion. To accommodate these requirements, an overlapping age
class approach is used as shown in Figure 1. To use the same
evaluation criteria as continuous age estimators, the center
value of the age for each class is output rather than the range
of the class. To handle more than two age classes, multi-class
SVM [12] is used.

B. SVR-based age estimator

SVR is an extension of SVM for regression problems [5].
The cost function for training SVR gives zero error if the
absolute difference between the prediction and the target is

less than e where ¢ > 0, which makes SVR depend only
on a subset of the training data. For age estimation, SVR is
estimated so as to directly predict the speaker’s age rather than
a discrete age class.

C. GMM-based age estimator

The GMM-based age estimation system uses the same over-
lapping age classes as the SVM-based system. The training
sample is a sequence of MFCC vectors of multiple utterances.
The GMM is trained for each age class. For age estimation,
likelihood values of all the age-class GMMSs are calculated
for a test sample consisting of multiple utterances, and the
age class that gives the highest likelihood is identified. As for
the SVM-based system, a center value of the age for each
class is output as a result.

I[V. EVALUATION CRITERIA

Two evaluation criteria are used for all the types of age
estimators. One is the mean absolute error (MAE), and the
other is the cumulative match score (CS). The MAE indicates
a mean estimation error across all speakers and is defined as
Equation (2):

=
1 R
MAE = 7 ?_:1: |a; — é;|, (2)

where N is the size of the dataset, a; is the true age of the
i-th test speaker, and @; is the estimated age.

The CS plots the relationship between an acceptable level
of estimation error and estimation accuracy, and is defined as
Equation (3):

Ne<s
CS(j) = TSJ x 100, (3)

where N.<; is the number of test speakers whose absolute
estimation error € is within j years.

V. EXPERIMENTAL SETUPS

Training and evaluation of the age estimation systems
were performed by 5-fold cross-validation using 300 speakers
(197 males, 103 females) from the Corpus of Spontaneous
Japanese [13]. Ten utterances were aggregated from each
speaker to form a single sample for feature extraction. Each
utterance was about 3 seconds long. Cross-validation was
performed so that the evaluation was done for many test
speakers avoiding overlap between training and test speakers.
Each cross-validation model was trained using 2400 samples
from 240 speakers and it was tested for held-out data having
600 samples from 60 speakers. The evaluation was performed
for five cross-validation folds and the final result was obtained
by testing a total of 300 (= 60 x 3) speakers.

Speech waveform was digitized with 16-kHz sampling and
16-bit quantization. All GMM and HMM were based on
MFCC features with 39 elements comprising of 12 mel-
frequency cepstral coefficients, log energy, their deltas, and
their delta deltas. GMM and HMM used as initial models for
feature extraction were trained by speaker adaptive training
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based on constrained MLLR [14]. The HMM had 3000 states
and 128 Gaussian components per state. All GMM including
the one used as age estimators had 128 Gaussian compo-
nents. For MLLR-based features, a block-diagonal transform
matrix was used, and a block size of 13 was chosen based
on preliminary experiments. For SVM and GMM-based age
estimators, age classes were equally arranged between 15 to 74
years old. The window size of each age class was 15 years,
and the shift was 3 years. Therefore, there were a total of
10 age classes. Based on a previous observation that gender-
independent age estimation give close performance as gender-
dependent estimation [11], all the estimators were gender
independent, Both SVM and SVR used a linear kernel.

VI. RESULTS

Figure 2 shows age estimation performance measured by
the MAE using various combinations of the estimators and the
features. When the GMM classifier with MFCC features was
compared to the SVM-based systems with various features,
the SVM-based systems gave better performance. When an
SVM-based system and an SVR-based system using the same
features were compared, the SVR-based system gave better
performance than the SVM-based system irrespective of the
features. This was probably because SVR-based systems could
mode! ages continuously. Even though overlapping age class
strategy was used, it is unavoidable for SVM-based systems
to have some errors in the discretely estimated results .

MLLR-GMM and MLLR-HMM transform features gave
similar results when the SVM-based classifier was used.
When SVR was used, MLLR-HMM transform features gave
slightly better performance than MLLR-GMM transform fea-
tures. However, considering that the MLLR-HMM transform
was estimated using a phone transcript, this improvement
was minor. MLLR-GMM supervector features gave slightly
better performance than MLLR-GMM transform features for
SVR. The lowest MAE of 7.3 years was obtained by the
combination of the MAP-GMM supervector features and the
SVR estimator’. It was even better than that obtained by
the MLLR-HMM transform features estimated using a phone
transcript. The differences of the MAE values with this system
and the other SYR-based systems were statistically significant
at 1% significance level by the t-test.

Figures 3 and 4 show the cumulative match scores for SVM
and SVR-based systems, respectively. When SVM was used, it
can be seen that the MLLR-GMM transform features generally
gave the best performance and about 80% of speakers’ ages
were cotrectly estimated within an error margin of 15 years.
When SVR was used, MAP-GMM supervector features gave

"We have run an additional experiment and have confirmed that the over-
lapping age range strategy gave small improvement over a non-overlapping
strategy. ’

INot in the Figure but when two MLLR transforms were used with a re-
gression wee to extract MLLR-GMM supervector features as an supplemental
experiment, the MAE was 7.6 which was lower than when a single transform
was used. Although, it was still higher than the MAP-GMM supervector
features.

Cumulative Score (%)

01 2343567 8910111213141516

Error Level (years)
e MAP-GMM-SVM —+— MLLR-GMM-Trans-SVM
— & = MILR-HMM-Trans-SVM —— ML LR-GMM-SVM
—+ —MFCC-GMM

Fig. 3. Cumulative scores of SVM and GMM-based estimators using different
features.

Cumulative Score (%)

1 23 4567 8 9101112131415 16
Error Level (years)

—+— MAP-GMM-SVR —s— MLLR-GMM-Trans-§VR
— o —MLLR-HMM-Trans-SVR —— MLLR-GMM-SVR

Fig. 4. Cumulative scores of SVR-based estimators using different features.

the best results and about 90% of the speakers’ ages were
correctly estimated within an error margin of 15 years.

In speech recognition, it is said that MLLR adaptation
is more advantageous than MAP adaptation when a smaller
amount of adaptation data is available. To see whether this
applies to age estimation, supplemental age estimation ex-
periments were performed using a smaller number of test
utterances per sample. Figure 5 shows the MAEs for SVR-
based systems using 10, 8, 6, 4 and 2 utterances. It was found
that MAP-GMM supervector features consistently gave better
performance than both MLLR-GMM supervector and MLLR-
GMM transform features for SVR-based age estimation using
smaller utterances.
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Fig. 2. Comparison of MAE using various combinations of features and estimators. MAP-GMM: MAP adaptation-based GMM supervector features, MLLR-
GMM: MLLR adaptation-based GMM supervector features, MLLR-GMM-Trans: MLLR transform-based features using GMM initial model, and MLLR-HMM-
Trans: MLLR transform-based features using HMM initial model. SVM: SVM-based estimator, and SVR: SVR-based estimator. MFCC-GMM: GMM-based

estimator with MFCC features.

A
=

utterance

S+ MAP-GMM-SVR ——— MLLR-Trans-SVR|
— & - MLLR-GMM-SVR

Fig. 5. Number of utterances and MAE using SVR based estimators with
different features.

VII. CONCLUSION

Age estimation approaches using a discrete support vector
machine (SVM) and continuous support vector regression
(SVR) were systematically compared using several features
that were based on MAP and MLLR adaptations. It has
been shown that the combination of MAP-GMM supervector
features and SVR estimator gave the best performance and
the MAE was 7.3 years. Future work includes investigating
kernels that utilize the position of elements in a matrix for
MLLR transform-based features to improve SVM and SVR-
based age estimators. ‘
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