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ABSTRACT

This contribution advances us towards developing
an automatic accent recognition system with greater
practical potential. Y-ACCDIST is a text-dependent
accent recognition system intended for forensic ap-
plications. Given a speech sample, it aims to iden-
tify the speaker’s geographical origin, which may
be useful in forensic contexts. While promising ac-
cent recognition rates are reported (86.7% on a four-
way classification task), these have been obtained
by comparing speakers producing the same read-
ing passage. The focus here is to observe system
performance on content-mismatched (spontaneous)
speech data and to speculate about ways to improve
the system when it is faced with more challeng-
ing data. The ability to process content-mismatched
data separates Y-ACCDIST from similar past sys-
tems.
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1. INTRODUCTION

Developed for forensic applications, the York
ACCDIST-based automatic accent recognition sys-
tem (Y-ACCDIST) aims to identify a speaker’s ge-
ographical origin given a speech sample and tran-
scription. Based on the ACCDIST metric [4], Y-
ACCDIST makes use of relative distances between
phonological units to model speakers’ accents.

One key feature which separates Y-ACCDIST
from other ACCDIST-based accent recognition sys-
tems (e.g. [2], [3], [4], [5]) is that it is designed to
process content-mismatched (spontaneous) speech
data. Obviously, the ability to work on content-
mismatched data has greater practical potential, par-
ticularly when considering the forensic application.

2. SYSTEM DEVELOPMENT

As noted above, Y-ACCDIST has been developed
to process content-mismatched data, unlike previous

ACCDIST-based systems. ACCDIST makes use of
segmental units to represent a speaker’s speech sam-
ple. The type of segmental units used determines
whether it is possible for it to work on content-
mismatched data or not. For now, we will only
include vowel segments. In the case of [4], word-
level vowel segments were used to compare accents.
In [2] and [3], triphone vowel segments were used.
Taking the first clause in the AISEB reading passage
Fern was a nurse from Harrogate, Table 1 demon-
strates these two segment types:

Table 1: Context-dependent segment types.

Segment Type | Segments found in clause

Word-context vowel in Fern
vowels vowel in was
vowel in nurse
vowel in from

vowel in first syllable
of Harrogate

vowel in third syllable
of Harrogate

Vowel /3/ in /f3m/

triphones /ol in /fwoz/

/3/ in /n3:s/

/o/ in /rom/

/a/ in /har/

/et/ in /gert/

These are both, to different degrees, context-
dependent segment types and are detrimental to
system performance and applicability in two main
ways:

1. Context-dependent segments occur infre-
quently within a single sample and so it is
difficult to find a representative number of
these segments.

2. When comparing speakers, speech samples
need to have a number of segmental unit types
in common. We can expect to find few to-
kens of each highly context-dependent segment
type in a single speech sample, reducing the



chances of finding enough common segmen-
tal types to be able to make comparisons with
other speech samples. This lowers the prob-
ability of successfully applying a system to
content-mismatched data.

The advantage of using context-dependent seg-
ments, however, is that they serve to eliminate reali-
sational differences brought about by coarticulation.

Y-ACCDIST collapses these context-dependent
segmental units into context-independent phonemes,
which opens up the possibility of performing accent
recognition on content-mismatched data. The fol-
lowing outlines the workings of Y-ACCDIST.

2.1. Data

Speech data from the AISEB (Accent and Identity
on the Scottish English Border) corpus [7] were used
for the experiments presented here. Speech record-
ings were collected from informants from four loca-
tions close to the Scottish/English border: Berwick-
upon-Tweed, Eyemouth, Carlisle and Gretna. The
experiments make use of the reading passage record-
ings and recorded answers to interview questions of
30 speakers from each of the four locations (N=120).
Within each of these groups of 30, a further divide
between two age groups can be made: 15 younger
speakers (aged 14-27) and 15 older speakers (aged
54-93).

2.2. The Y-ACCDIST System

Y-ACCDIST can be described in two stages: accent
modelling and classification.

2.2.1. Accent Modelling

Each speaker’s speech sample is processed to form
a representative matrix of the individual’s accent.
To achieve this, the samples are passed through
a forced aligner (built using the Hidden Markov
Model Toolkit (HTK) [9]) and the midpoint 12-
element MFCC vector is extracted from each vowel
phone. For every vowel phoneme within the inven-
tory, the corresponding MFCC vectors are brought
together to produce an average MFCC vector to rep-
resent that phoneme. These phonemes form the
foundations of a matrix, enabling Euclidean dis-
tances to be calculated between each phoneme pair
combination. The process is illustrated in Fig. 1.
ACCDIST matrices form a normalised represen-
tation of a speaker’s accent through expression of
phonemic similarity. Taking the vowels in foot and
strut as an example, we expect that the Euclidean
distance between these two vowels would be larger

Figure 1: The process of generating an ACCDIST
matrix for a single speaker.
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for a speaker of Southern English English than it
would be for a speaker of Northern English English.
This is because the realisations of these vowels are
the same for a typical Northern speaker, while they
are different for a Southern speaker. These differ-
ences throughout the phonemic inventory are ex-
pressed through ACCDIST matrices. Intra-speaker
calculations like this eliminate the effects of voice
quality factors, so accents can be compared across a
range of speakers.

2.2.2. Classification

The ACCDIST matrices are then fed into a Sup-
port Vector Machine (SVM) classifier [6]. One ac-
cent group at a time is taken, and every speaker
in that group is effectively plotted within multi-
dimensional space. Speaker matrices from all other
groups are also plotted as one collective category,
creating a ‘one-against-the-rest’ configuration. Be-
tween these two groups of speakers, an optimal
hyperplane is formed, which acts as the decision
boundary. The accent groups rotate in order for each
category to form a hyperplane against ‘the rest’. In
effect, a SVM is created for every accent group in-
volved (four, in the case of the AISEB data). Given
an unknown speaker’s speech sample and transcrip-
tion, the recording can be converted into an AC-
CDIST matrix (in the way described in 2.2.1). It can
subsequently be plotted in each of the four SVMs.
The margin between the hyperplane and the unclas-
sified ACCDIST matrix is observed in each. The
SVM in which the clearest margin is formed deter-
mines the speaker’s class label. The general process



is outlined in Fig. 2 below:

Figure 2: Accent classification using SVMs,
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3. EXPERIMENTS
3.1. Content-Controlled Data

Previous ACCDIST-based accent recognition sys-
tems have only been tested on content-controlled
speech data (i.e, all speakers produce the same read
prompts). The Y-ACCDIST system is built in such
a way that this does not have to be the case, and
its performance on content-mismatched data is pre-
sented in the next section. However, for comparison
purposes, this section presents classification results
when all 120 AISEB speakers are recorded read-
ing the same passage (approx. 3-4 mins in duration).

Table 2: Accent recognition rates for content-
controlled reading passage data (25% correct ex-
pected at chance for 4-way tasks, 12.5% expected
for 8-way tasks).

Data configuration % Correct
4-way (all speakers) N=120 86.7
4-way (older speakers) N=60 83.3
4-way (younger speakers) N=60 83.3
8-way (all speakers) N=120 69.2
(locations and age groups)

3.1.1. Segmental Context-Dependency

Returning to the point made in Section 2, this sub-
section briefly visits the effects different segmental
unit types have on the recognition task presented
here. The four-way classification task on the AISEB
varieties using all 120 speakers was run using word-
level vowel segments and triphone vowel segments.

These were compared with Y-ACCDIST’s default
context-independent vowel phoneme segments. To
align with the previous studies where these segment
types were implemented, only a relatively short
portion of the reading passage was used (approx.
1 minute). Additionally, approximately the same
number of segments of each type matched what was
used in the previous studies (approx. 150 word-level
vowels and 105 of the most frequent triphone vow-
els). Results comparing the three segmental condi-
tions are displayed in Table 3.

Table 3: Accent recognition rates comparing
Y-ACCDIST’s performance, varying segmental
type.

Segmental Unit Type 9% Correct
Word-level vowels 74.2
Triphone vowels 75.0
Context-independent phonemes 76.7

Only marginal differences exist between the
recognition rates for each segmental type. However,
it appears that the context-independent phoneme is
the preferred type here. For this particular classi-
fication task, aiming to eliminate coarticulation ef-
fects does not seem to improve performance. This
might be down to the particular accents in ques-
tion. [2], [3], [4] and [5] all used the Accents of
the British Isles (ABI) corpus [1] which contains
speakers from 13 locations spanning Britain. A
more geographically-proximate task like this is ex-
pected to involve greater overlap between varieties.
When using much larger ACCDIST matrices of the
context-dependent segment types, it is likely that a
greater proportion of elements may serve only to
create ‘noise’ in the model.

3.2. Content-Mismatched Data

Using the same 120 speakers, a spontaneous
speech sample (approx. 3 mins per speaker) was
orthographically transcribed and processed in
Y-ACCDIST. The classification task distinguishing
between the four speaker groups is compared in
Table 4 using content-controlled and content-
mismatched data.

Table 4: Accent recognition rates for Y-
ACCDIST’s performance for content-controlled
and content-mismatched data.

Content-controlled | Content-mismatched
86.7% 52.5%




The results show a substantial difference between
the system’s performance on the two data types.
This is expected because different phonemic distri-
butions exist in each speech sample in the case of
the spontaneous speech data. It is expected that
there are particular phonemes more useful to the
task of accent recognition than others and it is likely
that a number of occurrences are required to gen-
erate a stable average MFCC phoneme representa-
tion. When using content-mismatched data, then, it
is likely that a larger quantity of data is required.
[8] indicate this in their accent recognition study of
French accents, which obtains similar accent recog-
nition results for content-controlled and content-
mismatched data, but use a substantially larger quan-
tity of content-mismatched data (approximately 3
minutes of content-controlled data and 13 minutes
of content-mismatched data).

4. SEGMENTAL SELECTION

Y-ACCDIST is highly dependent on phonemic clas-
sifications. Depending on the particular accents in-
volved, some segments are expected to be of more
value than others in distinguishing between vari-
eties. Previous ACCDIST-based systems have solely
focussed on vowel segments. Not all vowels, of
course, carry distinctive weight when distinguish-
ing between accents. Equally, some consonants may
have distinctive power to offer. To demonstrate, the
results in Table 5 compare Y-ACCDIST’s accent
recognition rates when /r/ is included in the AC-
CDIST matrix. /r/ was chosen for this particular task
as Scottish English and English English varieties are
involved. Rhoticity is argued to be a key distinguish-
ing feature between these two major accent groups.

Table 5: Accent recognition rates compar-
ing Y-ACCDIST’s performance using content-
controlled and content-mismatched data, includ-
ing and excluding /r/.

Content-controlled | Content-mismatched

- It/ 86.7% 52.5%

+/t/ 89.2% 59.3%

These results demonstrate the positive effects seg-
mental selection can have on accent recognition per-
formance. Research into discovering the optimum
phoneme combination could boost recognition rates
still further.

5. FURTHER DIRECTIONS

Given the above findings, a clear research direction
would be to explore feature selection methods con-
cerning the phonemes included in the representative
ACCDIST matrices. It is possible to adopt and trial
methods used in pattern recognition to automatically
identify the most valuable phoneme segments in any
given accent recognition task. In light of this, an-
other potential direction is to focus on the effects of
a speech sample’s phonetic content on accent recog-
nition. The results above show the positive effect a
single phoneme can have on accent recognition. It is
therefore likely that some speech samples will con-
sist of richer phonetic content for accent recognition
than others. Devising a set of criteria regarding the
content of a speech sample could assist in some ap-
plications.
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