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Abstract
In this paper we propose an automatic approach for foreign ac-
cent identification. Knowledge of the speaker’s origin allows to
adapt acoustic models for non-native speech recognition. In this
study, we use a statistical approach based on prosodic parame-
ters. This approach relies on the fact that prosody is different
between languages, and has been done within the framework of
the HIWIRE (Human Input that Works In Real Environments)
European project. The corpus is composed of English sentences
pronounced by French, Italian, Greek and Spanish speakers.
Results obtained with duration and energy are promising for
foreign accent identification: 67.1% correct L1 identification
with duration and 68.6% with energy. These two parameters
combined with MFCC achieve a 87.1% correct foreign accent
identification rate.
Index Terms: non-native speech, foreign accent identification,
prosodic parameters

1. Introduction
The efficiency of an Automatic Speech Recognition (ASR)
system deteriorated significantly when confronted with non-
native speech. To improve ASR performance, models should
be adapted to the speaker’s origin. Thus, speaker’s origin has
first to be detected and identified.

Some studies have suggested that the speaker’s first lan-
guage (L1) can be identified using statistical methods based on
MFCC.

Different models have been designed. A global model
(GMM) was used for Chinese accent identification: a GMM
model was trained for each accent and each gender using MFCC
parameterization. Arslan and Hansen [1] identified Turkish,
German, Chinese and English accents in American speech
with word HMM models for each foreign accent. Kumpf
and W.King [2] have discussed the identification of three for-
eign accents in Australian English speech using HMM (Hidden
Markov Models) phone models for each accent. Bouselmi et al.
[3] proposed the use of discriminative phoneme sequences to
detect speaker’s origin for four accents (French, Italian, Greek
and Spanish) in English speech.

All these works used cepstral parameters but other parame-
ters can be employed, in particular prosodic parameters. Several
works have also addressed the perception of prosodic features
of foreign languages. Horgues [4] showed that prosody plays a
significant role in the perception of French accents in English
speech. Ramus [5] concluded that syllabic rhythm was a neces-
sary and sufficient cue for French adult subjects to discriminate
English accents from Japanese sentences.

Some works used prosodic features for foreign accent iden-
tification. Arslan and Hansen [6] mainly used fundamental
frequency, energy and the four first formants as features for

monophone HMM models to identify one accent among four
(English, Turkish, Chinese and German) in American speech.
Kumpf and King [7] obtained speaker’s accent classification
rates close to the benchmarks set by human listeners: the
speaker accent classification rate reached 84.7% for automatic
accent identification versus 87.4% for human listeners on 6 sec-
onds speech segments. The feature set included MFCC coef-
ficients, phoneme segment duration, F0, delta F0 and contex-
tual information. In the context of Arabic dialect identification,
the study [8] of long-term prosodic variations and short-term
micro-variations permitted an identification for three ”Arabic
dialects”.

Previous research works have shown that prosodic features
are relevant cues for accent identification because prosody is
different for languages. The goal of our paper is to design an au-
tomatic system for foreign accent identification which includes
prosodic features. Our proposed approach is based on the fol-
lowing prosodic parameters: duration, energy and fundamental
frequency. Compared to [7] we studied each prosodic parame-
ter independently to assess the contribution of each parameter.
Compared to [6], where the authors used isolated speech, our
work deals with continuous speech to identify foreign accent.

Section 2 of this paper presents the context of this study: the
HIWIRE European project. The choice of prosody at syllabic
level is explained in section 3. Section 4 presents our modeliza-
tion. Experimental results are detailed in section 5.

2. Context
This work has been conducted within in the framework of the
HIWIRE project.

2.1. The HIWIRE project

The HIWIRE (Human Input that Works In Real Environments)
project (2004-2007) was a European project involving four re-
search laboratories in Spain, Italy, France and Greece, along
with two companies Loquendo in Italy and Thalès in France.
One goal of this project was to recognize pilot speech in an air-
plane cockpit. Pilots have to speak English, but are not always
native speakers.

2.2. The HIWIRE corpus

The recorded corpus within the HIWIRE framework is com-
posed of utterances corresponding to aeronautic task pro-
nounced by 70 Europeans: 20 French, 20 Greek, 20 Ital-
ian and 10 Spanish. Each speaker pronounced about 100
utterances composed of a few English words. For exam-
ple:‘‘Next’’, ‘‘Range forty’’, ‘‘Cannot accept
nine four four’’
The lexicon was composed of 134 application words. Sampling
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frequency was 16 kHz.

3. Motivations and methodology
The use of acoustic models adapted to the speaker’s origin im-
proves non-native speech recognition. The aim of our work is to
identify the first language of non-native speakers from prosodic
features (F0 temporal variation, syllable duration, and inten-
sity).

Our speech corpus is made up of word sequences, which
cannot be understood outside the domain of aeronautics, except
for some short sentences, such as “change frequency”. These
word sequences are expected to be pronounced with the intona-
tion pattern of a declarative sentence without special emphasis
on a given word (no narrow focus accent). So, in our corpus we
have to deal for the most part with lexical accent.

Lexical accents fall on a given syllable of a word. For a
given language, the place of the lexical accent is either fixed,
i.e. the accent always falls on the same syllable of the word
(e.g. the first word syllable in Czech, the last in French), or
free, i.e. the place of the lexical accent varies with words (e.g.
English).

Some speakers tend to keep their native characteristics
when they speak a foreign language. In our application, when
a non-native person speaks English he or she may make accent
errors related to his or her mother language. This is especially
true for subjects who have a very poor grasp of the foreign lan-
guage.

In this paper, our methodology is based on HMMmodeling
prosodic parameters for each speaker group with the same L1.

The syllable bearing the lexical accent is often character-
ized by a lengthening of syllable duration, an increase in energy
and a variation in F0. According to the speaker’s L1, lexical ac-
cent would be more or less marked. That is why we modelized
variations in duration, energy and fundamental frequency at the
syllable level for each word in the corpus. The aim was not to
find the place of the accent in the word but to take it into account
automatically.

First, we study each prosodic parameter independently.
For that purpose, each parameter is used as feature vector for
stochastic models. For the sake of comparison, we also ex-
ploited MFCC parameters which are known as robust ASR pa-
rameters. Then, a combination of the best prosodic parameters
with MFCC coefficients was evaluated.

4. Modeling
Three features have been developed and evaluated: duration,
energy and F0. Each feature is modeled by an HMM. One
HMM model is built for each foreign accent and each sylla-
ble. For instance the HMM models for the syllable ”z-ih” of
the word ”zero” pronounced by a French speaker is noted ”F z-
ih zero”.

4.1. Duration

In some languages, the lexical accent is mainly marked by a
lengthening of the accented syllable of the word. When a per-
son speaks a foreign language, he or she tends to keep his native
habits. As has already been mentioned, the place of the lexical
accent within the word varies with the language. As an exam-
ple, French speakers would tend to lengthen the last syllable of
foreign words. Using syllable duration differences could help in
identifying the speaker’s L1. Due to variations in the rate which

a speaker speaks (some subjects speak more slowly than oth-
ers), the absolute duration of a syllable is not relevant. This is
why we study the ratio of syllable duration over word duration.
This ratio is modeled by a 1-state HMM.

4.2. Energy

Energy varies from one syllable to another depending on the
place of the lexical accent. The syllable bearing the lexical ac-
cent will often have strong energy. A non-native speaker may
not mark it well. So, for the same word, the distribution of
energy could vary according to the speaker’s L1. Energy also
varies from one speaker to another (according to voice inten-
sity). For this reason energy must be normalized. To do that,
we subtract the maximum energy value (dB) on each utterance.
Energy is extracted at each frame from the signal, then normal-
ized. We also used first and second energy derivatives.

We try two methods for energy modeling:

• In the first method, the energy evolution of each syllable
is divided into three parts (beginning, middle, end) and
modeled by a 3-state HMM.

• A second method consists in computing the average en-
ergy of each syllable. This average energy is modeled by
a 1-state HMM.

4.3. Fundamental frequency

In most languages lexical accents are also marked by fundamen-
tal frequency variations.

F0 also varies from one speaker to another, so we need to
normalize its values too. F0 is extracted at each frame of the
signal using the Snorri software [9].

Several methods have been tried using F0. Only the most
basic method and the one giving the best results are presented:

• A first method consists in using values normalized with a
warping coefficient specific to each speaker (correspond-
ing to the vocal tract length [10]) and then in studying
the evolution of these values during the syllable (3-state
HMM).

• A second method consists in computing the slope of F0
during the syllable (1-state HMM) in order to model the
global emphasis of the syllable of the word (this method
will be referred to ”F0 slope” for the rest of this article).
The slope is computed from 3 values (value at the previ-
ous, current and next frame) using the Least Square Root
method.

4.4. MFCC

We compared our results to baseline results based on MFCC.
Energy was not included in MFCC. A 25ms Hamming window
was applied followed by a 24 filter bank for extracting the 12
MFCC coefficients and their first and second derivatives. 3-state
syllable HMM models for each word and for each speaker’s L1
were trained using MFCC features.

4.5. Foreign accent identification system

Experiments were performed using cross validation: a group of
7 speakers of all origins was chosen as a test group, and the rest
used for training (63 speakers). This process was repeated until
all the speakers are tested.

Monosyllabic words and acronyms were discarded from the
vocabulary (example of an acronym: VHF). Due to the small
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Table 1: Percentage of correctly identified speaker’s origins

Parameter Vector Identification
dimension rate (%)

Normalized F0 1 28.6
F0 slope 1 54.3

Average energy 3 60.0
Duration 1 67.1
Energy 3 68.6
MFCC 36 82.9

size of our corpus, only the most frequent words were retained
for evaluation. The set V of selected words is: zero, request,
seven, select, mayday, weather, accept, level, performance.

For each studied parameter, syllable HMM models were
trained for each word and each accent. 16 Gaussians by HMM
state are estimated.

The evaluation phase was performed as follow: the test
speaker pronounced a few sentences which transcription was
supposed to be known. The L1 identification was performed in
two steps. During the first step, an automatic segmentation of
the sentences was performed: a forced alignment was done to
obtain the beginning and the end of every word. Secondly, for
the words belonging to the vocabulary V , syllable recognition
guided by the transcription of the word into syllables was per-
formed: syllable models of the four accents were used. So, we
obtained a succession of syllables of different origins Oi. The
origin î which gathers the largest number of syllables of origin
Oi was affected to the speaker. For example if we know that
the test speaker pronounced ”zero seven” and the sequence of
HMM models recognized are: F z-ih zero I r-ow zero
I s-eh seven I v-ah-n seven, then the speaker would
be identified as an Italian.

5. Experiments and results
5.1. Results for prosodic parameters

For each prosodic parameter, Table 1 gives the percentage of
speakers whose origin is correctly identified. (i.e. the identifi-
cation rate). Using only the normalized F0 values of the sylla-
ble, the percentage of correct accent identification is low (28%
of the speakers). This is perhaps due to artifact values at the
border between voiced and unvoiced segments. A better mod-
eling for the fundamental frequency is the slope of the syllable
(54.3%). The computation of the slope is less influenced by
abnormal values.

60% of origins are identified from the average energy com-
puted per syllable, while energy identifies 68% of origins. Du-
ration would also appear to be a good indicator since it permits
recognition of origin for 67.1% of speakers. F0 variation ob-
tains the worst results in our study. One explanation could be
that poor speakers tend to flatten their melodic curve.

To compare overall results, MFCC coefficients obtain the
best identification rate: 82.9% of the speaker’s L1 are correctly
identified. However, we can notice that MFCC feature vectors
have 36 components, while prosodic parameters have only 1 or
3.

Table 2, 3, 4 and 5 present confusion matrices (in %) of cor-
rectly identified speaker’s origins (French (F), Italian (I), Greek
(G) and Spanish (S)).

In Table 2, French, Italian and Greek speakers are very well
identified (90%-100%), while Spanish are not (10%). These

Table 2: Confusion matrix in percentage of identified speaker’s
origins usingMFCC (average 82.9%)

F I G S
F 100% 0% 0% 0%
I 5% 90% 5% 0%
G 0% 5% 95% 0%
S 20% 30% 40% 10%

Table 3: Confusion matrix in percentage of identified speaker’s
origins using energy (average 68.6%)

F I G S
F 65% 10% 5% 20%
I 25% 65% 0% 10%
G 10% 15% 70% 5%
S 10% 0% 10% 80%

Table 4: Confusion matrix in percentage of identified speaker’s
origins using duration (average 67.1%)

F I G S
F 95% 0% 5% 0%
I 0% 70% 25% 5%
G 15% 15% 70% 0%
S 30% 30% 40% 0%

Table 5: Confusion matrix in percentage of identified speaker’s
origins using F0 slope (average 54.3%)

F I G S
F 55% 10% 30% 5%
I 30% 30% 30% 10%
G 5% 10% 80% 5%
S 30% 10% 10% 50%

differences can be partly explained by the fact that Spanish
speakers are less numerous and less homogeneous because they
come from different areas of Spain and so have different Span-
ish accents. Energy (Table 3) is interesting because it discrim-
inates the four different origins more homogeneously. 65% to
80% of speakers are correctly identified for each origin.

Duration is a good cue for identifying speakers of French
origin (cf. Table 4). This is perhaps due to the fact that the lexi-
cal accent in French is mainly marked by last syllable lengthen-
ing. Figure 1 shows this fact: for the word “seven”, the French
speakers are the only ones who have the last syllable longer
than the first one. We also see in this figure that Spanish and
Greek have very similar syllable durations and can not be dis-
tinguished.

It is important to notice that the extraction of prosodic pa-
rameters is a very difficult undertaking. For instance, F0 esti-
mation, and identifying the duration of the beginning and end of
some phones is tricky. Improvement in the extraction of these
prosodic parameters would most likely increase the identifica-
tion rate of the speaker’s L1.

5.2. Combination of prosodic parameters and MFCC

In the previous section, we studied independently each prosodic
parameter. Now, we wish to evaluate if combining them can
allow better identification of foreign accents. Our combined
parameters are duration, energy and MFCC. We decided to ex-
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Figure 1: Duration distribution (in %) for word “seven” in
function of speaker’s L1 language. HIWIRE corpus.

Table 6: Percentage of well identified speaker’s origins

Combined parameters Ident. rate (%)
MFCC + energy (i) 82.9
MFCC + duration (i) 85.7

MFCC + duration + energy (ii) 87.1

clude the F0 parameter because it achieved poor identification
results in the previous experiments. Two approaches have in-
stead been proposed:

• The first approach (i) consists in using two streams:
MFCC are used in a first stream and in the other we put
duration or energy. Emitting probabilities bj(ot) of ob-
servation vectors ot for each frame t are computed ac-
cording to the following equation:

bj(ot) =

SY
s=1

0
@

MjsX
m=1

cjsmN(ost;μjsm; Σjsm)

1
A

γs

Mjs is the number of Gaussians for the state j and
the stream s; cjsm is the weight of the mth Gaussian;
N(o;μ; Σ) represents the pdf of observation vector o of
mean μ and covariance Σ; γs is the weight affected to
the stream, default 1.

• For the second approach (ii), two steps are necessary.
Firstly, for each parameter and a given speaker, we com-
pute the number of syllables identified for each origin
(the same process as in section 4.5). Then we sum up all
the results for this given speaker, and the origin which
gathers the largest number of syllables is affected to the
speaker.

The combination of MFCC and energy (i) gives the same result
as MFCC alone (cf. Table 6). On the other hand, the combina-
tion of MFCC and duration (i) gives an improvement compared
to MFCC alone: 85.7% versus 82.9% but not significant.

The best result is obtained using method (ii) and combining
MFCC + duration + energy. Method (ii) gives equal importance
to all three parameters. It might be interesting to try different
weights for each parameter.

6. Conclusion
In this article, we have proposed an automatic approach for
identifying a non-native speaker’s origin. This approach is

based on acoustic prosodic parameters (duration, energy and
the fundamental frequency of syllables). The proposed ap-
proach needs the transcription of the utterances. Experiments
were conducted on an English speech database pronounced by
French, Italian, Greek and Spanish speakers. This approach re-
quires transcription of pronounced utterances.

We have found that duration and energy are promising pa-
rameters for correct identification. Moreover, combining these
parameters with MFCC brings an error reduction rate of 24%
compared to the use of MFCC alone. For duration, it may be in-
teresting to replace the syllable duration by the vocalic nucleus
duration in order to avoid duration problems with consonants.

In the future, it may be appropriate to complete the experi-
mental results obtained in this work by an analysis of acoustic
realizations (spectrograms, F0 curves, etc.) with the help of a
phonetician. It will be interesting to evaluate the impact of re-
placing manual transcription by automatic recognition. More-
over, the test must be conducted on the larger corpus to confirm
the obtained results.
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