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ABSTRACT
This contribution describes the robustness evaluation and
optimization steps for a speech interface which is suitable for
embedded language tutoring with special focus on children’s
speech. The baseline algorithms are derived from the pro-
nunciation tutoring system AzAR directed to adult learners
of German. The first prototype LiSA (2008) - directed to
young children starting at 3 years - is currently evaluated
and optimized, mainly addressing following issues: (a) the
challenge of ASR-based pronunciation assessment for chil-
dren’s speech, (b) the handling of noise and reverberation
in an embedded application scenario, and (c) the extraction
of additional information such as age or gender. The arti-
cle summarizes evaluation results of the speech recognizer in
laboratory and real-world room environment.

Categories and Subject Descriptors
I.2.7 [Artificial Intelligence]: Natural Language Process-
ing—Speech recognition and synthesis

General Terms
Speech interface
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1. INTRODUCTION
Interactive systems for computer-aided language learning

and pronunciation training (CALL, CAPT) and the un-
derlying methodology for children have made considerable
progress. For example, Silverman developed a multidimen-
sional vocabulary program incorporating storybook reading
and opportunities to speak vocabulary words in kindergar-
ten classrooms [1]. Other studies deal with animated com-
puter tutors for remedial readers and autistic or hearing-
impaired children. Massaro et al.’s facial animation features
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a realistic tongue and palate that students can access in
dynamic side view cutaways of tongue, jaw and teeth [2].
The majority of interactive tutoring methods is focused on
PC-based tools involving multimodal channels and addresses
children of 7+ years.

On the other hand, plenty of electronic toys with speech
technology extensions occur in the market which provide
low functionality, e. g. playing back prerecorded statements
while a touch sensor is activated.

The introduced LiSA prototype involves a sophisticated
embedded speech recognizer and provides a differentiated
feedback of pronunciation assessment.

2. COMPUTER-AIDED PRONUNCIATION
TRAINING WITH AZAR AND LISA

To support Russian migrants and their German pronun-
ciation training, the authors established a network of teach-
ers, phoneticians and technicians aiming at an “Automat for
Accent Reduction” (German acronym: AzAR [3]). The re-
garding AzAR projects since 2004 enabled the interactive
training of L2 pronunciation for adult and adolescent learn-
ers. The resulting AzAR2 software includes a curriculum for
the production and perception training of difficult segmen-
tal contrasts. Animated articulatory organs and recorded
time function can be displayed. Gradually mispronounced
phonemes are marked using a color scale. Furthermore, for-
mant trajectories are measured and can be compared with
a female reference voice. All learning advances are logged in
detail. The AzAR pronunciation assessment is mainly based
on phonetic confidence values of an HMM-based speech rec-
ognizer and also constitutes the core module of the language
training for children. The LiSA prototype [4] aims at a di-
dactic design model which encourages children to learn their
age-related basic vocabulary and which is conform to stan-
dard curricula. The concept supports different tasks and ac-
tions, such as learning vocabulary lists, listening to a story
from a cloze text and rhymes or songs.

The instructions are presented age-related, i.e. for chil-
dren aged 3+ years by medium sized dolls (40+ cm) person-
ifying an elder sibling to achieve an appropriate level of au-
thority. The doll enables a face-to-face operation. The Ger-
man prototype version LiSA includes laminated boards from
a conventional children’s book extended by marker symbols
to activate a barcode scanner which synchronizes the doll’s
instruction with the non-verbal user action.
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3. ASR-BASED PRONUNCIATION
ASSESSMENT FOR CHILDREN

Due to the lack of corpora and models, automatic speech
recognition for children’s voices poses a challenge. Hagen
and others described specific acoustic and language model-
ing for oral-reading recognition of children’s speech [5].

Common pronunciation assessment approaches are based
on n-gram language models to give the system flexibility to
insert, delete or substitute words and they provide confi-
dence scores computed from the word-lattice. Vocal tract
length normalization (VTLN) via frequency warping prior
to feature extraction extended with structural MAP linear
regression (SMAPLR) in the model-space but also speaker-
dependent adaptations can decrease the mismatch between
children’s speech and adult acoustic models [6]. Depend-
ing on adaptation method and size of phonetic inventory,
the phonetic error rates were reduced up to an area of 22%
till 12%. Maier et al. trained an HMM recognizer with a
combination of VTLN adapted adult’s data and children’s
speech [7] to evaluate pathologic and non-pathologic chil-
dren’s speech. The research trend goes to acoustic models
trained solely on children’s speech.

In this study, the authors survey the ASR performance
on children’s speech depending on different adaptation pa-
rameters. The recognizer is trained on adult’s speech. Since
the intended application LiSA [4] incorporates a command
word recognition, the test corpus consists of 350 samples of
single German words (15 word classes) spoken by children.
Each word class was realized by 20-25 children without no-
ticeable pathologic speech disorder. The data represent a
sub corpus of the German CONTR200 speech corpus of 200
children reading the PLAKSS-test [8, 9].

For the ASR experiments, the recognizer from the UASR
system [10] is utilized. This phoneme-based HMM recog-
nizer is using 44 monophone HMMs with automatically in-
ferred graph topologies and four Gaussian mixtures with full
covariance matrices. The lexicon and language model are
represented by finite state grammars. The feature extraction
comprises a 30 channel mel-scaled filter bank (MFB). The
authors call this feature extraction setup Conventional Fea-
ture Analysis (CFA). By contrast, the authors test a novel
feature analysis method called Harmonicity-based Feature
Analysis (HFA) [11] which was designed to achieve robust-
ness against reverberation (refer section 4). The recognizer
is trained with German adult’s speech from the Verbmobil
corpus [12].

The first experiments result in a baseline recognition rate
of RR = 75 % (CFA setup). The children’s speech data
are undisturbed. The RR is rather poor compared to the
adult’s RR = 96 % on the undisturbed APOLLO test set
[11]. To improve the recognition performance, a voice con-
version using a VTLN was implemented to convert the chil-
dren’s speech towards adult’s speech. The VTLN follows a
warping function that is described in detail in [13]. For con-
trolling the strength of the warping, a warping factor α is
introduced. In the author’s experiments, α is varied within
−0.3 ≤ α ≤ 0.1. A positive α expresses that the vocal tract
is shortened (adult → child) wheras a negative α means that
the vocal tract is lengthend (child → adult). The fundamen-
tal frequency F0 is not modified in these experiments. F0 is
no ASR feature anyway, since it is purposely taken off by the
feature analysis as an unwanted speaker-dependend feature.
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Figure 1: RR dependent on the warping factor α

of the applied voice conversion method. The RR at
the original speech and at the optimal warping are
marked. The results for CFA and HFA are similar
for clean speech.

The changed vocal tract length information is expressed in
the features since they describe a mel warped spectral en-
velope. The results in Figure 1 show that lengthening the
vocal tract improves the RR because the children’s speech
is warped towards the adult’s speech which was used for
training. An optimal α = −0.1 can be ascertained with an
achieved RR = 91 %. α = 0 corresponds to the baseline
experiment.

4. CHALLENGES OF ROOM ACOUSTICS
PC-based applications involving automatic speech recog-

nition, such as the AzAR system, have the advantageous
option of the usage of headsets which is unsuitable for a toy-
like device for children, such as a doll. In the case of headset
usage, the two types of acoustic indoor distortions, additive
noise and convolutional room reverberation, have moderate
degrading effects on ASR. This behavior is strongly changed
in the case of the so called distant talking ASR for a typical
toy application scenario. Even light noises or reverberation
cause almost unusable ASR performance (compare [14]) by
decreasing the level of the direct sound coming from the
speaker when increasing the speaker-to-microphone distance
(SMD) whereas noise and reverberation can be seen as con-
stantly distributed in all positions of the room. Therefore,
the signal-to-noise1 ratio (SNR) decreases rapidly with in-
creasing SMD.

In typical living indoor environments, a strong adverse
SNR of about 0 dB can already be reached at SMDs of
100 cm or even less [15]. Methods increasing ASR robustness
against additive noises are already established [16]. Studies
on the poor ASR performance in reverberant environments
(convolutional noise) are rare. But most of the common en-
vironments have at least some reverberation as reported in
[15]. Even living rooms, which mostly feel not reverberant,
show reverberation times (T60) of 0.3 – 0.8 s. Therefore,

1In this context, the term noise is used for both distortion
types: noise and reverberation.
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Figure 2: Measured recognition rates for two front ends CFA and HFA on original children’s speech data
(α = 0) and on voice-converted children speech data (α = −0.1) dependent on the SMD rTest. The subfigures
(a). . . (d) show the results for different rooms in order of increasing T60 = (0.25; 0.45; 0.7; 0.95) s.

in this study, the authors investigate how well children’s
speech can be recognized in reverberant environments. The
novel method HFA aiming at robustness against reverber-
ation is additionally tested and compared with CFA. For
detailed description of HFA refer to [11]. In the current ex-
periments, the room impulse responses (RIR) are measured
in four rooms (sound studio (T60 = 250 ms), living room
(T60 = 450 ms), office room (T60 = 700 ms) and laboratory
room (T60 = 950 ms)) on 20 different SMDs for each room
(rTest = (0.2; 0.4; . . . ; 4.0) m). Each RIR is convolved with
the test corpus to generate a new test corpus for the aimed
reverberation condition. Afterwards, the RR is measured
for the corresponding reverberant condition. Recognition
experiments are accomplished for the two warping settings
”original” (α = 0) and ”optimal” (α = −0.1) and for the two
ASR frond ends CFA and HFA.

The results are presented in Figure 2. It is clearly shown,
that increasing the level of reverberation, meaning increas-
ing T60 or/and increasing the SMD, has a degrading ef-
fect on the RR. The positive effect of the optimal warping
(α = −0.1) can still be observed continuously. A small im-
provement from CFA towards HFA can be also observed in
some conditions, especially in reverberant condition. This
behavior is a property of HFA. It performs little worse than
CFA for clean conditions due to some information deletions.
But it performs better for reverberant conditions because
it emphasizes undisturbed features of speech. Nevertheless,
the experiments show poor ASR performance for reverber-
ant conditions even for the investigated enhancement meth-
ods. In [11], an additionally applied reverberant training
yields to good overall results for reverberant conditions.

5. AGE AND GENDER DETECTION
Pronunciation training for children requires the analy-

sis of additional information such as age, gender or cur-
rent emotional state which enables the verification of the
user profile, the selection of appropriate lessons and vocab-
ulary size, and a flexible dialog control in case of inatten-
tion. The authors examine different voice features for the
purpose of personalization which are described in detail in
[17]. The test database includes different speakers, gender
and age groups, and induced emotional states. The analy-
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Figure 3: Age-dependency of jitter and shimmer.

sis contains both prosodic (fundamental frequency, intensity,
temporal patterns) and voice qualitative acoustic correlates
(jitter, shimmer, formant frequencies, harmonics-to-noise ra-
tio). Figure 3 and Figure 4 show according age-dependencies
of the parameters. Except their formant frequencies, infants
show similar voice quality parameters to seniors. In infantile
voices, formant positions are already gender-dependent.

6. CONCLUSIONS
Embedded, ASR-based pronunciation tutoring for chil-

dren has to deal with different challenges, e. g. peculiar-
ities of children’s speech, the lack of appropriate models
and training data, noise and reverberation in a typical ap-
plication scenario or additionally required information such
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Figure 4: Age-dependency of HNR and F0.

as age or gender. An appropriate modeling of the vocal
tract improves the ASR performance because the children’s
speech is warped towards the adult’s speech which has been
used for training. An optimal warping factor can be as-
certained with an achieved recognition rate RR = 91 %.
Furthermore, the recognizer performance can be improved
by using a speaker adaptation technique which is not tested
within this study. An increased level of reverberation has a
degrading effect on the recognition rate. The positive effect
of an optimized warping factor can still be observed. The ex-
periments propose a poor ASR performance for reverberant
conditions even for the investigated enhancement methods.
Other studies show that an additionally applied reverberant
training yields to better overall results.
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system for the automatic evaluation of voice and
speech disorders. Speech Communication,
51(5):425–437, 2009.

[10] R. Hoffmann, M. Eichner, and M. Wolff. Analysis of
verbal and nonverbal acoustic signals with the
Dresden UASR system. In Esposito A., et al., editor,
Verbal and Nonverbal Communication Behaviours.
Berlin etc.: Springer-Verlag, 2007.

[11] R. Petrick, K. Lohde, M. Lorenz, and R. Hoffmann. A
new feature analysis method for robust ASR in
reverberant environments based on the harmonic
structure of speech. In EUSIPCO 2008, Lausanne,
Switzerland, 2008.

[12] W. Wahlster. Verbmobil – Foundations of
speech-to-speech translations. Springer-Verlag, Berlin
Heidelberg, 2000.

[13] G. Strecha, O. Jokisch, M. Eichner, and R. Hoffmann.
Codec integrated voice conversion for embedded
speech synthesis. In INTERSPEECH 2005, pages
2589–2592, Lisboa, Portugal, 2005.

[14] R. Petrick, K. Lohde, M. Wolff, and R. Hoffmann. The
harming part of room acoustics in automatic speech
recognition. In INTERSPEECH 2007, pages
1094–1097, Antwerp, Belgium, 2007.

[15] R. Petrick, C. Rueckert, and R. Hoffmann. Room
acoustic conditions and limits in home and office
environments. In SPECOM 2009, pages 232–237, St.
Petersburg, Russia, 2009.

[16] J. Benesty, M. M. Sondhi, and Y. Huang. Springer
Handbook of Speech Processing. Springer-Verlag, New
York, 2008.

[17] O. Jokisch, W. Gruenbaum, and R. Hoffmann.
Personalized speech synthesis: Age, gender and
emotional features. In SPECOM 2009, pages 186–189,
St. Petersburg, Russia, 2009.

WOCCI 2009, Cambridge, MA, USA 116




