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Abstract—In this paper we demonstrate that a psychoacoustic
model-based distance measure performs better than a speech
signal distance measure in assessing the pronunciation of individ-
ual foreign speakers. The experiments show that the perceptual-
based method performs not only quantitatively better than a
speech spectrum-based method, but also qualitatively better,
hence showing that auditory information is beneficial in the task
of pronunciation error detection. We first present the general
approach of the method, which is using the dissimilarity between
the native perceptual domain and the non-native speech power
spectrum domain. The problematic phonemes for a given non-
native speaker are determined by the degree of disparity between
the dissimilarity measure for the non-native and a group of
native speakers. The two methods compared here are applied
to different groups of non-native speakers of various language
backgrounds and validated against a theoretical linguistic study.

I. INTRODUCTION

Second language (L2) training involves acquiring the pronun-
ciation of the target phonemes. In order to reach a correct L2
pronunciation, the learner must firstly perceive the auditory
distinctiveness of the L2 phonemes, which may be problem-
atic, especially when the foreign sounds are of a different
phonological origin [1], [2]. Evidence of this is found in the
learner’s production through either large variations between
attempts to produce the same phoneme (i.e., low precision) or
consistent replacement of the target phoneme by another (i.e.,
low accuracy), often the most similar one in the native lan-
guage (L1). Our objective is to make an automatic diagnostic
evaluation of the phonemes that require additional practicing.
For this, we propose a language independent, auditory model-
based method that automatically identifies phonemes that are
repeatedly mispronounced by individual non-native speakers
in pre-collected recordings.

The novelty of our approach, previously presented in [3],
lies in the utilization of auditory periphery as a tool to de-
tect potential deviation in the foreign speakers pronunciation.
Commonly, pronunciation error detection has been formulated
as a classification problem. In [4] for example, the goodness
of pronunciation (GOP) algorithm was presented to calculate
the likelihood ratio of a phoneme realization to its canonical
pronunciation. In [5], four different classifiers were examined
to account for mispronunciation detection: a GOP-based, one
combining cepstral coefficients and linear discriminant analy-
sis, and two acoustic-phonetic classifiers. In [6], the problem
was formulated within a support vector machine framework,

with pronunciation space models to improve performance. Al-
ternatively, articulatory information can been used to improve
automatic detection of typical phoneme-level errors made by
non-native speakers [7].

Unquestionably, the upper level processes of the primary
auditory cortex inside the brain by which humans develop
the ability to harmonize their hearing (and thereby, their
production) system to the sounds of their L1 [8], [9] play
an important part when explaining pronunciation difficulties
in an L2, but this is out of the scope of this paper. Here, we
instead concentrate on the native speakers’ perception of non-
native speech on the auditory level. Inconsistent variations or
even deletion or replacement of the L2 phonemes may lead to
difficulties for native listeners [10], [11].

In this paper, we evaluate the method we proposed in
[3], for automatic diagnostic evaluation of the problematic
phonemes for the L2 speaker, by comparing it with a different
dissimilarity measure that does not incorporate auditory in-
formation. We first summarize the perceptual-based method
as such and its application to pronunciation analysis. The
central principle of the method is built upon measuring, for
each phoneme, the similarity of the Euclidean geometry of
the auditory representation for a group of native speakers
and the speech signal’s power spectrum for, on the one hand
the native speaker group, and on the other individual non-
native speakers. By comparing the measures for the non-native
speaker and the native speakers, it is found, quantitatively,
the phonemes that are mispronounced by the L2 speaker.
The above is compared to a measure that only considers the
Euclidean geometric similarities between the native and the
non-native power spectrums. The two measures are evaluated
with respect to a linguistic study [12].

II. AUDITORY PROCESSING OF L1 SPEECH SIGNALS

We form mathematically the task of pronunciation error detec-
tion with an objective to set up an automatic diagnostic eval-
uation scheme. We anticipate the existence of the perceptual
subspace, i.e., the area with high sensitivity to speech signal
changes [14], [15]. We establish a measure of similarity for a
non-native speech vector based on perturbation analysis and
distortion criteria derived from a psychoacoustic model that
is trained by native speech. We investigate which aspects of
the non-native perturbation signal are lying inside the native
perceptual subspace, and evaluate the range of discrepancy
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Fig. 1. Orientation of the auditory distortion measure domain (red ellipses)
and the directions of the perturbation vectors, in parallel (highest sensitivity-
solid arrows) and orthogonal (lowest sensitivity-dotted arrows) to it.

as compared to the native speech data. Fig. 1 illustrates the
relation between the distortion measure and the perturbations.
The ellipses denote the psychoacoustic distortion measure
sensitivity orientations – as indicated by the transformation
applied to the signal – over each perturbation. The arrows
show the directions of the perturbation vectors. Distortions
that follow the orientation of the psychoacoustic distortion
measures (parallel vectors) are the most perceptually relevant
to the auditory periphery, which implies that every small
change in the speech signal is detected and identified by the
hearing system. The orthogonal arrows denote the direction
with the minimum response. A small alteration (error) in the
signal associated to these specific perturbation vectors are not
captured by the auditory system.

A. Exploiting auditory knowledge

Models of the auditory periphery are used in several cases
to examine the perceptual processing of a sound signal or
to explain the way it operates. We consider a spectral psy-
choacoustic model [13], known as the van de Par model,
that uses a series of auditory filters for computing the total
distortion in speech, a characteristic that is derived from the
spectral integration property of the human auditory system.
It is divided into three major parts as shown in Fig. 2,
namely the outer, the middle and the inner ear, which simulate
the corresponding components of the peripheral system. The
first two are represented by a band-pass filter followed by a
gammatone filterbank that models the basilar membrane of the
inner ear. The center frequencies of the gammatone filterbank
are spaced linearly on a equivalent rectangular bandwidth
scale. At the end, the total distortion measure is calculated as
a summation of the distortion detectability provided by each
auditory filter f multiplied by the effective duration Le of the
input signals.

In [14], [15] a distortion measure in the sound perception
domain was defined as υ : RN × RN → R+. Consider y :
RN → RM to be a mapping of the power spectrum to the M -
dimensional perceptual domain. Then, allow y(xi) and y(x̂i,j)
to be the auditory model output signals, where xi is the power
spectrum signal of frame i ∈ Z and x̂i,j its j’th perturbation,
respectively. Thus υ(xi, x̂i,j) = ‖ y(xi)−y(x̂i,j) ‖2 . The van
de Par model provides a measure to detect distortion in the
perceptual domain without explicitly computing the auditory
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Fig. 2. Block diagram of a channel of the van de Par auditory model [13].

model output signals y(xi) and y(x̂i,j). Thus, combining the
perturbation theory and the sensitivity matrix [16], we make
the approximation υ(xi, x̂i,j) ≈ [x̂i,j−xi]

TDυ(xi)[x̂i,j−xi],

where Dυ,µν(xi) =
∂2υ(xi,x̂i,j)

∂x̂µ∂x̂ν

∣∣∣∣
x̂i,j=xi

is the sensitivity

matrix. This matrix can be calculated using the van de Par
model. The word ‘sensitivity’ refers to the fact that each ele-
ment of this matrix represents the sensitivity of the distortion
υ(xi, x̂i,j) to a particular [x̂i,j − xi].

III. L2 PRONUNCIATION ANALYSIS

Fig. 3 shows a block diagram of the two considered methods.
An HMM-based aligner [17] generates a phone-level transcrip-
tion from the speech signal and the text file, that separates
the native speech stimuli into phoneme categories. For each
considered phoneme class, the native signal is transformed
into the auditory and the power spectrum representations. The
spatial dissimilarity

An =
1

I
∑

i∈I

1

Ji

∑

j∈Ji

[
υn(xni , x̂ni,j )− φn(xni , x̂ni,j )

]2
, (1)

between these two domains is measured to investigate, quanti-
tatively, to what extent the native speech signal representations
xn include all the information relayed by the human auditory
periphery. In the above Eq. (1), φ(·) is the power spectrum
distortion measure defined as φ : RN ×RN → R+, where R+

are the non-negative real numbers, which is a Euclidean norm-
based measure calculated by φ(xi, x̂i,j) = ‖ xi − x̂i,j ‖2 . By
allowing small distortions, the dissimilarity of the Euclidean
geometry is calculated between the magnitude spectrum of
the speech and the auditory periphery output to establish what
we call the native perception. The non-native stimuli x` is
then considered, but in this case only the power spectrum
transformation is calculated. The dissimilarity measure

A` =
1

I
∑

i∈I

1

Ji

∑

j∈Ji

[
υn(xni , x̂ni,j )− φ`(x`i , x̂`i,j )

]2
, (2)

is then computed between the native perceptual distortion
and the non-native power spectrum distortion, and the two
measures An and A` are compared to identify the problematic
phonemes.
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Fig. 3. Block diagram of the two methods. The L2 norm of the phone
distortion is evaluated in two different domains, the auditory and the power
spectrum in the first method, and only in the power spectrum in the second
method. The objective is to measure the Euclidean geometry dissimilarity in
the considered domains.

The second method finds directly the geometric dissimilarity

B` =
1

I
∑

i∈I

1

Ji

∑

j∈Ji

[
φn(xni , x̂ni,j )− φ`(x`i , x̂`i,j )

]2
(3)

between the native and the non-native power spectrum distor-
tion. In this case, Bn is zero.

Eqs. (2)-(3) compute the dissimilarity measures by consid-
ering speech from different sources, native and non-native. It
is thus necessary to find a relationship between the two speech
signals. In the following section we describe a way to achieve
this.

A. Local linearization of non-native speech

Let p be a phone that represents a target phoneme category
produced by a speaker. Let then x(p) denote the speech power
spectrum as a function of p. Assuming the mapping x to
be analytic, the Taylor series can be used to make a local
approximation around p:

x(p̂) ≈ x(p) + Jx[p̂− p], (4)

where Jx = ∂x(p)
∂p̂

∣∣∣∣
p̂=p

. Eq. (4) can be applied to both native

speech xn and non-native speech x` of a language back-
ground `. In both cases, the distortion [p̂−p] remains common,
allowing us to find a linearized relation between these two and
compute the speech power spectrum distortion in a non-native
subspace into the native speech power spectrum domain. In
this case we get

x`(p̂) ≈ x`(p) +W` [xn(p̂)− xn(p)], (5)

where W` = Jx` [Jxn]
−1. Then, the power spectrum distor-

tion measure for the non-native speech signal is calculated as

φ`(x`i , x̂`i,j )
∼= φ`(xni , x̂ni,j ;x`i , x̂`i,j ) ≈

[xni − x̂ni,j ]
T [W`]

T W` [xni − x̂ni,j ], (6)

where i ∈ I, j ∈ Ji.
Eq. (6) implies the calculation of the W` matrix on a

frame basis. However, there are practical and theoretical
reasons that prohibit such a consideration. Firstly, phone
duration or silence mismatch between the native and non-
native speech signal preclude this option. Furthermore, mathe-
matically speaking, the matrices are non-invertible, and hence
requiring an alternative approach. We therefore compute W`

by considering a common matrix for all frames i of a
specific foreign language group of speakers `. We assume
both native and non-native speech signals to comply with
a Gaussian distribution. Thus, Eq. (5) can be expressed as
N (µ`, Σ`) ∼ N (W` µn, W` Σn [W`]

T ), where µ`, µn are
the mean vectors of the distortion in non-native and native
speech signals for a phoneme class p, respectively and Σ`, Σn

their covariance matrices. It can be shown [3] that the matrix
W` is given by

W` = V` [S`]
1
2 [Sn]

− 1
2 [Vn]

T , (7)

where Vζ ,Sζ are the matrices that decompose the correspond-
ing covariance matrices Σζ = Vζ Sζ [Vζ ]

T of the above
Gaussian distributions with ζ ∈ {n, `} for the native language
group and the non-native language group, respectively.

B. The algorithm

The central idea of the method is to create a local geometry
around each speech sound by allowing small perturbations. In
practice, this is done by adding 30 dB SNR i.i.d. Gaussian
noise to each xi and generate a set of 100 vectors x̂i,j for
the native speech data n as well as for non-native speech
data of all language backgrounds `. Considering the native
speech, for each speech segment i, the sensitivity matrix
Dυn(xni) is calculated using the van de Par model on a
frame basis with the objective to compute the perceptual
distortion measure for the native speech signal. Eq. (7) is
used to compute the matrix W` over all frames of each
phoneme and language group. Next, the dissimilarity mea-
sure A` is calculated using the native perceptual distor-
tion measure υn(xni , x̂ni,j ) ≈ [x̂ni,j − xni ]

TDυn(xni)[x̂ni,j −
xni ], and the non-native speech frequency distortion mea-
sure φ`(xni , x̂ni,j ;x`i , x̂`i,j ) given by Eq. (6). Then, the
corresponding dissimilarity measure for the native speakers
An is calculated using again υn(xni , x̂ni,j ) and the native
speech frequency distortion measure φn(xni , x̂ni,j ) = ‖ xni −
x̂ni,j ‖2. The perceptual based method ends by considering for
each phoneme class, the native-perceptual assessment degree1

1It is a normalized ratio that shows the degree of the dissimilarity between
the native perceptual outcome and the non-native power spectrum as compared
to the native-only case.
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TABLE I
DISTRIBUTION OF TOTAL NUMBER OF MALE AND FEMALE SPEAKERS AND NUMBER OF UTTERANCES FOR EACH LANGUAGE BACKGROUND.

L1 background total male/female utterances L1 background total male/female utterances L1 background total male/female utterances

Eng.(US) 2 1/1 318 Russian 4 1/3 583 Arabic 1 0/1 164

German 2 2/0 249 Greek 3 3/0 393 Chinese 5 2/3 832

French 3 3/0 347 Spanish 5 4/1 882 Persian 6 3/3 987

Polish 2 0/2 317 Turkish 4 4/0 604 Swedish 11 9/2 888

nPAD Θ` that is computed for every L1 background as

Θ` =
A`

An
, (8)

considering a mispronunciation to have occurred when
Θ` > 1. On the other hand, for the spectral based method
the power spectrum distortion measure B`, Eq. (3), is eval-
uated using the native speech frequency distortion measure
φn(xni , x̂ni,j ) and the non-native speech frequency distortion
measure φ`(xni , x̂ni,j ;x`i , x̂`i,j ) given by Eq. (6).

IV. EXPERIMENTAL EVALUATION

In this section, we describe the data used for our experiments,
and present the experimental setup and our evaluation out-
come.

A. Speech corpus

The speech database was collected from L2 learners of
Swedish using a computer-assisted language learning program
Ville [18], in which an embodied conversational agent plays
the role of a language teacher. The corpus, sampled at 16
kHz, consists of data from 37 (23 male and 14 female)
speakers of different language backgrounds (see Table I), who
took the test twice within one month’s time, before and after
practising at home. Each session lasted 30 minutes composed
of exercises in which the participants repeated single words
and sentences of varying complexity after Ville. In order to
provide a native speaker reference, 11 (9 males and 2 females)
Swedish speakers were also recorded once each.

The data were analyzed and stripped from any non-linguistic
content, e.g., coughs, long pauses and hesitation phenomena,
such as repetitions and fillers (“um”, “uh”, “eh” etc). The
text file that accompanies each sound file was adjusted to the
actual content of the included speech utterance when deletions
or insertions happened to occur. Using the clean audio and
text files, the data was divided into phoneme categories,
using a HMM-based aligner [17]. The material contained all
Swedish phonemes, but the two short and more open pre-r
allophones /æ/, /÷/ and the retroflexes /ï/, /ã/, and /í/ were not
considered because the number of occurrences in the database
was not sufficiently large. Finally, the speech signal was pre-
emphasized and the output was windowed by a Hamming
window of 25 ms with an overlap of 10 ms. A discrete Fourier
transform of 512 points was applied to the windowed frame
to compute the signal’s power spectrum.

B. Results

We present the results of our experiments and argue for the
use of the nPAD Θ` against the spectral dissimilarity measure
B`. In addition, we compare our findings with Bannert’s
linguistic study of problematic Swedish phonemes of different
L1 groups [12]. Naturally, the two approaches presented here
differ from [12] insofar as we only consider the acoustic signal
of the uttered phonemes to evaluate the foreign accent, without
intending to perform a comprehensive linguistic study. That
being so, any grammatical or syntactical errors, as well as
errors due to context, are excluded.

Table II lists the phonemes found to be difficult for the
different groups of non-native speakers according to the two
considered methods. For each L2 speaker group, the first
line shows, in order, the most deviating vowels to the left,
and consonants to the right, according to the nPAD Θ`.
Correspondingly, the second line shows the evaluation of
the spectral dissimilarity measure B`. The results of our
perceptual-based method are, in general, in better agreement
with previous linguistic observations [12]. Divergences from
the theoretical findings are reported in parentheses. It can
be seen that the majority of the parentheses are located on
the right side meaning that most of the disagreements to the
theoretical results are for lower Θ`. In general, this also holds
for B` but it is worth mentioning that for three language
groups the first vowels are misdetections according to [12].
Comparing the algorithms, we see that, generally speaking, for
as many as eight language groups, i.e., English US, German,
French, Polish, Greek, Turkish, Arabic, and Persian the nPAD
method gets quantitatively better results. For three language
groups, namely Russian, Spanish, and Chinese, the results
of the perceptual-based method become worse in comparison
to the spectral dissimilarity measure. The perceptual-based
method not only performs better in terms of a lower number
of disagreements of detected problematic phonemes compared
to the linguistic study, but also in terms of detection of
seriously mispronounced phonemes (i.e., those that are totally
mispronounced, as described in [12] and also listed in [19]).
In short, the nPAD method has one mismatch less for the
German and Arabic speakers, two less for French, Greek and
Turkish speakers and three less for the English speakers. In
addition, concentrating mainly on the seriously problematic
phonemes, nPAD captures one more seriously problematic
phoneme for German, Polish, Greek, Arabic and Persian
speakers, two more for French and three for Turkish speakers.
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TABLE II
PROBLEMATIC PHONEMES PER LANGUAGE BACKGROUND. THE PHONEMES ARE SHOWN IN DECREASING ORDER, STARTING FROM THE ONE WITH THE

HIGHEST Θ` OR B` DEPENDING ON THE EVALUATION METHOD USED. PHONEMES THAT DIFFER FROM THE LINGUISTIC STUDY FINDINGS ARE LISTED IN
PARENTHESES.

L1 background evaluation vowels consonants

English (US) Θ` æ:, E, y:, u:, U, ÷:, E:, ø, 8, ø:, (i:), A:, (@), e:, e, O, a, 0: Ê, N, (v), m, n, (b), r, (d), l, k, ù, t

B` ø, E, A:, æ:, a, ÷:, E:, e, ø:, e:, Y, (i), O, (i:), (@), 0:, y:, 8 ù, C, (d), s, (b), (j), Ê, (g), (h), r, t, N

German Θ` æ:, (E), y:, u:, (U), E:, (ø), ÷:, ø:, i:, @, A: Ê, N, v, n, (m), b, r, d, (l), k, ù, t, p, (h), f, C, s

B` (ø), æ:, A:, (E), ÷:, (a), ø:, E:, (e), 8, Y, (i) C, ù, s, t, k, g, (l), (h), Ê, r, d, b, f, j, v, n, N

French Θ` æ:, E, y:, u:, ÷:, (U), E:, (ø), 8, ø:, i:, @, A:, e:, e, O, (a) N, Ê, (v), m, n, b, r, (l), d, ù, k, t, p, h, C, g

B` (ø), E, A:, æ:, (a), ÷:, E:, e, ø:, e:, Y, (i), O, i:, @, 0:, y: C, ù, s, k, t, (l), g, h, (j), r, b, d, Ê, (f), p, (v)

Polish Θ` æ:, (E), y:, u:, ÷:, (U), E:, ø, 8, ø:, i:, A:, @, e:, (e), (O) Ê, N, v, (m), n, b, (r), d, (l), k, ù, t, p, s, (f)

B` ø, (E), A:, æ:, a, ÷:, E:, (e), ø:, e:, Y, (i), (O), i:, @, 0: C, ù, s, t, k, g, (l), Ê, h, (j), (r), b, d, (f), v

Russian Θ` E, y:, E:, ø, ø:, i:, A:, 8, e:, e, 0:, a, (O), Y, (@), (i), ÷: v, N, (m), (n), (r), d, (l), h, b, k, t, g, (s), f, j

B` ø, ÷:, E:, ø:, Y, A:, a, e, E, æ:, e:, 0:, u:, y:, o:, i:, 8 C, Ê, ù, g, (s), k, b, N, h, f, t, (l), (r), (m), j

Greek Θ` æ:, (E), y:, u:, ÷:, (U), E:, ø, 8, ø:, i:, A:, @, e:, e, (O) Ê, N, (v), m, n, b, (r), d, l, ù, k, t, p, C, (f), s

B` ø, (E), A:, æ:, (a), ÷:, E:, e, ø:, e:, Y, (i), (O), i:, @, 0: C, ù, s, t, k, g, l, Ê, (j), (r), b, d, h, (f), (v), n

Spanish Θ` u:, æ:, E, ø, i:, 8, e:, e, ø:, (a), 0:, A:, (i), @, Y, (O), o: N, v, (r), n, (l), b, t, ù, (f), k, g, d, j, p, C, s, h

B` u:, æ:, y:, ø, (a), ÷:, e, (U), E, o:, E:, e:, (i), i:, Y, 0:, ø: Ê, C, s, h, ù, (l), b, ú, (r), (f), k, d, p, t, j, g, N

Turkish Θ` æ:, (E), y:, (E:), (ø), u:, 8, U, ø:, i:, A:, e:, (@) N, v, (m), n, b, r, l, d, k, (ù), t, p, f, h, g, ú, j, s

B` (ø), (E), æ:, (a), A:, ÷:, (E:), ø:, e, e:, (Y), (i), (O) C, (ù), t, Ê, k, s, l, g, h, r, j, b, d, f, v, n, p, N

Arabic Θ` æ:, E, y:, u:, ÷:, (U), E:, ø, 8, ø:, i:, A:, @, e:, e, (O), a, 0: Ê, N, v, (m), (n), (b), r, d, (l), k, ù, t, p

B` ø, E, A:, æ:, a, ÷:, E:, e, ø:, e:, Y, (i), (O), i:, @, 0:, y:, o: C, ù, s, t, k, (g), (l), Ê, (h), (j), r, (b), d

Chinese Θ` 8, æ:, E, y:, u:, E:, ø, ø:, i:, A:, e:, e, O, (@), a, 0:, (i), o: Ê, N, v, m, n, b, r, l, d, k, t, f, g, ú, p, j, (h), (s)

B` 8, Y, ø, A:, æ:, E, ÷:, a, e, E:, ø:, (i), e:, O, i:, 0:, o:, y: C, ù, (s), d, b, t, k, Ê, g, (h), j, l, r, t, ú, f, v, n

Persian Θ` 8, æ:, y:, (E), ø, ø:, Y, (i), 0:, e:, a, (e), (A:), o:, (O) b, d, (Ê), v, (f), g, (h), t, s, (j), C, p, ú, k, l, r

B` 8, æ:, y:, o:, @, a, (U), i:, (e), (O), ø, (A:), (E), e:, u: C, ù, b, (Ê), s, g, (h), k, t, r, d, (j), (f), l, v, ú

The spectral dissimilarity measure has one mismatch less for
Chinese speakers and four for Russian speakers. Finally, it
captures one more seriously problematic phoneme for English,
Spanish and Chinese speakers and two more for Russian
speakers. To summarize, the nPAD method has in total 69
mismatches (34 for vowels and 35 for consonants) and the
spectral measure 75 (37 for vowels and 38 for consonants)
out of 350 mispronunciations listed in [12]. Finally, the nPAD
method has 49 missed seriously problematic phonemes (27
for vowels and 22 for consonants) and the spectral measure
54 (34 for vowels and 20 for consonants) out of 245 in total.

Even though the performance of nPAD is better than that
of the spectral evaluation, it appears to have some disagree-
ments with the theoretical study concerning the problematic
phonemes. This can be explained by the nature and the context
of the data since the recordings were made with the subjects
repeating, in two sessions, text after a natively speaking
virtual language tutor. Hence, it is likely that the speakers
have avoided some otherwise occurring mispronunciations,
that usually accompanying spontaneous speech.

C. Discussion

Looking at the Table II we can recognize some important
weaknesses of the measure B` in identifying major mispro-
nunciations for some of the most problematic phonemes. In
most cases for example, it does not recognize the Swedish

long rounded vowel /u:/ as problematic, except for the Spanish
group. The linguistic findings have shown that all foreign
groups mispronounce the Swedish /u:/ because they produce
it either as a short vowel or with inadequate lip rounding.
The nPAD measure on the other hand not only is able to
capture this vowel, but additionally to rank it high on the
problematic vowels list. In most cases, except for Chinese and
Persian speakers, the spectral distortion measure B` further
fails in detecting the vowel /8/ which is one of the seriously
problematic Swedish vowels for non-native speakers, often
confused by /U/ [12]. Additionally, the measure B` misses
the vowel /y:/, which is produced with protruded instead of
compressed lips, and according to [12], is mainly confused
with the short unrounded /i/. On the contrary, the nPAD
measure Θ` succeeds to detect both the aforementioned vowels
and indeed to classify them among the most problematic
vowels.

There are several consonants that appear to be problematic
for many foreign speakers, four of which are in particular
difficult for almost all of the language groups. The velar nasal
/N/ is one of the consonants that most speakers are inclined to
mispronounce. Bannert has noticed that it is often replaced by
/Ng/. Table II shows that the nPAD method can better detect
this error than the spectral distortion measure. Additionally, the
Swedish consonant /v/, which is very often mispronounced by
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non-native speakers either as /f/, /b/ or /w/, is also detected
by the nPAD measure. The Swedish fricatives /Ê/ and /C/
are probably the most difficult Swedish consonants for non-
native speakers due to their uniqueness and their large variety
depending on the neighboring sounds. The nPAD approach is
more capable in capturing the problems related to the /Ê/, while
the spectral distortion measure is more sensible in detecting
errors only related to /C/.

This significant superiority of the nPAD measure to detect
problematic phonemes has, in our opinion, its roots in the
information that the auditory model provides through the
sensitivity matrix. It seems that the small distances in the
power spectrum between the native and the non-native speech
signals become clearer in the auditory domain where only
the perceptually relevant elements of the two spectrums are
considered. This enriches the nPAD method’s potential to
identify the meaningful details that reveal the pronunciation
divergences between native and non-native speakers. In addi-
tion, we note that when computing the total value of B` for
all of the problematic consonants for each language, the part
that corresponds to the value of the first one is very high. In
other words, the method has limited capability in detecting
the problematic consonants in general and can mainly focus
on the detection of the most mispronounced consonant.

The use of the auditory knowledge is evidently improving
the performance of our automatic pronunciation error detection
system. Still, we believe that the method could be further
developed by including a vital component of the speech signal,
namely its dynamics. For this, two changes have to take effect;
the auditory model to account for both the spectral and tempo-
ral aspects of the speech signal and the speech representations
to include dynamic information (velocity and acceleration
feature vectors). For some phonemes, e.g., the stop consonants,
the onset detection is important in identifying pronunciation
divergence from native speakers. As this onset does not always
correspond to the perceptual onset, a phenomenon that arises
from the temporal integration in the human auditory system
[20], the nPAD method should be expanded in this direction.
Finally, we believe that a proper evaluation of the method
should include the judgement of native listeners on the same
data, and we therefore plan to include such an evaluation in
our future work.

V. CONCLUSIONS

In this paper, we investigated the benefit of using an auditory-
based method to perform an automatic and language indepen-
dent diagnostic assessment of phoneme pronunciation by non-
native speakers. We examined the method by comparing it with
a speech power spectrum dissimilarity measure that accounts
only for the differences between the native and non-native
speech signals, using a theoretical linguistic study as reference.
The experiments show that the use of perceptual knowledge
in identifying the common characteristics of the native speech
signal, is beneficial for the task of L2 pronunciation error
detection.

ACKNOWLEDGMENT

This work is supported by the Swedish Research Council
project 80449001 Computer-Animated LAnguage TEAchers
(CALATEA).

REFERENCES

[1] J. E. Flege, “Second-language speech learning: theory, findings, and
problems”, Strange, W. (Ed.), Speech Perception and Linguistic Experi-
ence: Theoretical and Methodological Issues in Cross-Language Speech
Research. Timonium, MD: York Press Inc., pp. 233–272, 1995.

[2] S. G. Guion and J. E. Flege and R. Ahahane-Yamada and J. C. Pruitt, “An
investigation of current models of second language speech perception: the
case of Japanese adults’ perception of English consonants”, J. Acoust.
Soc. Amer., vol. 107, no. 5, pp. 2711–2724, May 2000.

[3] C. Koniaris and O. Engwall, “Phoneme level non-native pronunciation
analysis by an auditory model-based native assessment scheme”, in
Interspeech, Florence, Italy, pp. 1157–1160, Aug. 2011.

[4] S. M. Witt and S. Young, “Phone-level pronunciation scoring and
assessment for interactive language learning”, Speech Communication,
vol. 30, no. 2-3, pp. 95–108, Feb. 2000.

[5] H. Strik, K. Truong, F. de Wet, and C. Cucchiarini, “Comparing
different approaches for automatic pronunciation error detection”, Speech
Communication, vol. 51, no. 10, pp. 845–852, Oct. 2009.

[6] S. Wei, G. Hu, Y. Hu, and R.-H. Wang, “A new method for mispronun-
ciation detection using support vector machine based on pronunciation
space models”, Speech Communication, vol. 51, no. 10, pp. 896–905,
Oct. 2009.

[7] J. Tepperman and S. Narayanan, “Using articulatory representations to
detect segmental errors in nonnative pronunciation”, IEEE Tr. Audio,
Speech, Lang. Proc., vol. 16, no. 1, pp. 8–22, Jan. 2008.

[8] J. F. Werker and R. C. Tees, “Cross-language speech perception: Evidence
for perceptual reorganization during the first year of life”, Infant Behavior
and Development, vol. 7, no. 1, pp. 49–63, Mar. 1984.

[9] P. K. Kuhl, “Early linguistic experience and phonetic perception: impli-
cations for theories of developmental speech perception”, J. Phonetics,
vol. 21, pp. 125–139, Jan.-Apr. 1993.

[10] M. J. Munro and T. M. Derwing, “Foreign accent, comprehensibility,
and intelligibility in the speech of second language learners”, Language
Learning, vol. 45, no. 1, pp. 73–97, Mar. 1995.

[11] P. M. Schmid and G. H. Yeni-Komshian, “The effects of speaker accent
and target predictability on perception of mispronunciations”, J. Speech,
Lang., Hear. Res., vol. 42, pp. 56–64, Feb. 1999.

[12] R. Bannert, “Problems in learning Swedish pronunciation and in
understanding foreign accent”, Folia Linguistica, vol. 18, no. 1-2, pp.
193–222, Jan. 1984.

[13] S. van de Par, A. Kohlrausch, G. Charestan, and R. Heusdens, “A new
psychoacoustical masking model for audio coding applications”, in IEEE
Int. Conf. Acoust., Speech, Sig. Proc., Orlando, FL, USA, vol. 2, pp.
1805–1808, May 2002.

[14] C. Koniaris, M. Kuropatwinksi, and W. B. Kleijn, “Auditory-model
based robust feature selection for speech recognition”, J. Acoust. Soc.
Amer., vol. 127, no. 2, pp. EL73–EL79, Feb. 2010.

[15] C. Koniaris, S. Chatterjee, and W. B. Kleijn, “Selecting static and dy-
namic features using an advanced auditory model for speech recognition”,
in IEEE Int. Conf. Acoust., Speech, Sig. Proc., Dallas, TX, USA, pp. 4342–
4345, Mar. 2010.

[16] W. R. Gardner and B. D. Rao, “Theoretical analysis of the high-rate
vector quantization of LPC parameters”, IEEE Tr. Speech, Audio Proc.,
vol. 3, no. 5, pp. 367–381, Sep. 1995.
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