
 

 

Towards the automatic identification of  
/l/-vocalisation in English speakers  

in Australia 

 

Abstract 
The aim of this paper is to describe the initial development of a 
computational framework designed to automatically recognize 
and classify vowel-/l/ rhyme realisations produced by 
Australian English speakers as either consonantal or vocalised. 
We implemented a Random Forest model as the main 
classificatory technique. This allowed us to explore in a 
hierarchical way the contribution to the classification of a wide 
a range of potential predictors. The test classification accuracy 
of the Random Forest model was 82.1% overall, with its 
sensitivity estimated to be 73.7% (consonantal realisations) and 
the specificity to be 89.1% (vocalised realisations). 
Index Terms: /l/-vocalisation, machine learning, Australian 
English, sociophonetics 

1. Introduction 
Advances in forced alignment and segmentation have 
transformed the toolkit available to researchers interested in 
tracking the variable performance of speakers in large-scale 
corpora of natural speech. The spectral and time-domain 
properties of vowels are well-understood and key parameters 
such as formant frequencies can be extracted automatically 
from corpora using off-the-shelf tools such as FAVE [1] or 
MAUS [2]. In recent years progress has been made in 
automatically extracting some of the variable realisational 
properties of consonants (e.g. Voice Onset Time (VOT) [3] and 
the spectral properties of fricative realisations [4]). Some 
phonetic properties of speech, however, present greater 
challenges for automatic identification and classification, 
especially in spontaneous speech styles. 

One such property is the variable realisation of post-vocalic 
/l/ across different varieties of English. In syllable-coda position 
(most notably in pre-pausal position or in the context of a 
following syllable that begins with a consonant) /l/ can be 
realised as a canonical lateral approximant with a central 
occlusion of the oral cavity and uni- or bi-lateral airflow. With 
concurrent voicing, this gives rise to a spectral signature not 
unlike that of a vowel segment, but typically with 
discontinuities associated with the formation of the central 
occlusion. However, if the occlusion for a coda /l/ is not fully 
formed, the /l/ is said to have a vocalised realisation and its 
auditory and acoustic properties are rendered much more 
vowel-like with the result that it can be hard to distinguish a 
vocalised /l/ from back rounded vowels (which have a very 
similar articulatory configuration). 

This phenomenon has been reported in a number of 
languages across the world (e.g. Swiss German [5], Dutch [6], 
and Portuguese [7]). In English, /l/-vocalisation is a widely 

observed phenomenon across many varieties [8] [9] [10], 
including those spoken by speakers in Australia [11] [12] where 
its occurrence has been found to be influenced by speaker age 
and provenance, as well as by a range of context-dependent 
factors. For example, as well as finding differences across 
different cities and age-groups, Horvath and Horvath [11] found 
that high vowels are more likely to trigger /l/-vocalisation than 
low vowels, and that back vowels are more likely to be 
associated with vocalisation than front and central vowels. The 
same study reported a greater likelihood of vocalisation 
following phonologically long monophthongs than following 
diphthongs and short monophthongs, and differences as a 
function of the place of articulation of an adjacent consonantal 
context. It was also found that tokens followed by a consonant 
were more likely to be vocalised than those occurring in pre-
pausal and pre-vocalic contexts. In general, however, it is fair 
to say that this is a rather under-documented feature of the 
phonetic variability characterising English speakers in 
Australia.  

Experimental studies of the occurrence of /l/-vocalisation in 
English have largely made use of auditory [13][14] and/or 
articulatory methods [15][16][17] [18][19]. These studies bring 
into question the nature of the phenomenon in itself, pointing to 
vocalisation being less obviously a categorical process as 
opposed to being located at one end of an articulatory light-dark 
articulatory/auditory continuum, albeit a continuum that seems 
to embed an auditory discontinuity given researchers’ 
confidence in detecting at least some V-/l/ tokens as clearly 
vocalised [14], with the latter sort of auditory judgement 
constituting the basis for most work to date on the socio-
phonetic/-linguistic aspects of this phenomenon. 

This represents quite a challenge for sociophonetic research 
which generally seeks to quantify the occurrence of discrete 
variants within large speech corpora across speakers, styles, 
locations, or to track gradient acoustic measures that are known 
to be valid metrics (e.g. formant values, VOT, or spectral Center 
of Gravity (CoG) for fricatives) of a particular gradient 
realisational variant. In order to achieve this for /l/-vocalisation, 
what would be ideally be required is an acoustic measure 
mapping  to the articulatory continuum allowing investigators 
to test for the occurrence of any socially-correlated variation 
within the gradient realisation of coda /l/, but in reality, for now, 
investigators remain largely reliant on a by-hand auditory 
analysis that seems ill-suited to the phenomenon which it is 
attempting to capture (leading [14] to note that “the precise 
phonetic difference between velar (L) and vocalized (L) is one 
of the more subtle variable distinctions in sociophonetic 
research and presents one of the biggest methodological 
challenges”). 

In this study, we investigate the possibility that a machine 
learning method might provide a means of addressing some of 
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the methodological challenges associated with vocalised /l/. 
The question addressed is whether there are patterns in the 
signal that can differentiate even conservatively-defined 
vocalised/non-vocalised /l/s that can be learned and applied 
automatically with a reasonable degree of effectiveness? If this 
proves to be the case, it would potentially offer a means of 
enabling researchers to extend the prevalent binary 
classification of /l/-vocalisation to larger corpora. While our 
study is not designed to resolve the question of whether /l/-
vocalisation is best characterised as a binary variant or as one 
manifestation of a more complex realisational continuum, it 
does nevertheless provide a means of gauging if there is mileage 
in pursuing an automatic approach to the binary auditory 
judgement that predominates in this line of research. 

 

2. Model Development 
The approach adopted in this study drew on pre-existing reports 
of the application of machine learning methods in automatically 
classifying a range of different types of realisational variant, 
such as clear or dark /l/ in speakers of English from the USA 
[20], and variants of post-vocalic /r/ and medial /t/ in NZE [21]. 
In the approach described below, a statistical model is first 
trained to map between a set of acoustic parameters and the 
vocalised/non-vocalised labels that are to be classified. 
Subsequently the effectiveness of the model to classify new 
material is tested in order to gauge the predictive power and 
effectiveness of the statistical model [22]. To our knowledge, 
this is the first application of this type of machine learning 
methodology to the classification of /l/-vocalisation. This 
particular realisational variation is a good testbed for this 
approach to phonetic classification, given the potential that the 
specific classification method adopted has to deal with a wide 
range of candidate predictive parameters. 

2.1. Creation of a test dataset 

This study is part of a larger project investigating sociophonetic 
variability in the performance of English speakers from Perth 
in Western Australia. The dataset around which our analytic 
approach was developed and tested therefore comprised tokens 
of post-vocalic /l/ produced by young speakers of West 
Australian English (from the Perth metropolitan area). 
Recordings were obtained from two different speech styles: 
word-lists (12 native speakers of West Australian English – 6 
females and 6 males, aged 18-22, producing a 165 item wordlist 
designed to elicit citation form/carefully produced tokens of 
key variables) and conversational speech (2 * 4 same-sex 
speakers recorded while participating in unscripted dyad 
conversations of around 30 minutes in duration). 

Audio files were first segmented in Elan [23] and 
subsequently force-aligned within LaBB-CAT [24], using 
CELEX [25] and HTK [26] with manual correction of 
alignments. Using Praat [27], we extracted formant estimates 
(F1, F2, and F3), intensity, F0, and Mel Frequency Cepstral 
Coefficient (MFCC) tracks for each speech recording. 

In order to create a dataset that could be used for 
benchmarking, training and testing the classification 
methodology, we selected from the above material 334 tokens 
of /l/ preceded by monophthongs and followed by either a pause 
or a consonant. For the purposes of this initial development 
phase of our work, we excluded tokens where /l/ was followed 
by an approximant, vowel or other liquids, in order to avoid 

dynamic formant trajectories beyond the offset of /l/. Table 1 
summarises the characteristics of this reference dataset. 

Table 1: Count of all tokens in the reference dataset 
including the benchmark type of realisation as 
determined by the trained listeners’ auditory 

classification 

Speech Style Gender Realisation % Count 

 
Word List 

Female 
Vocalised 13.4 45 

Consonantal 16.4 55 

Male 
Vocalised 13.8 46 

Consonantal 16.2 54 

 
Conversation 

Female 
Vocalised 17.4 58 

Consonantal 9.6 32 

Male 
Vocalised 10.2 34 

Consonantal 3 10 
Total   100 334 

 
A perceptual task was carried out to create the benchmark 
classifications necessary for evaluating the automatic coding 
framework, i.e., whether the automatic prediction from the 
machine learning model matches with the corresponding type 
of /l/-realisation. For this task three phonetically and 
sociolinguistically trained listeners coded each of the tokens 
containing the vowel+/l/ rhymes. Each rater listened to all of 
the tokens played in random order, and classified them into one 
of the following categories: Consonantal /l/, Intermediate, or 
Vocalised /l/ [28]. Where two of the three raters agreed on a 
particular classification, the majority view was adopted. If 
raters had no agreement on their auditory classification, all 
three raters consulted and reached a consensus decision after 
further listening to the token concerned. For the purposes of this 
initial test of the automatic classification methodology, we 
grouped the Consonantal and Intermediate classifications into 
one single group, following [28], thereby provide a binary-
classified benchmark reference dataset, with the Vocalised set 
comprising those tokens that were most readily classified 
auditorily as containing vocalised /l/ variants.   

Figure 1 presents /l/-realisation rates as coded in the 
auditory test pooling across the two speech styles investigated. 
It shows that all speakers vocalise /l/, but with substantial inter-
speaker variation, ranging from speakers who mainly vocalize 
to speakers who mainly produce canonical realisations. 

 
Figure 1: % /l/-realisation type rates per speaker as per 

auditory test pooled across speech styles 
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As has previously been noted in the literature (see above), the 
patterns of /l/-realisation are influenced by the identity of the 
vowel component of the rhyme (as shown in Figure 2). Back 
and central vowels (GOOSE, FOOT, THOUGHT, NURSE, SCHWA) are 
associated with relatively high levels of vocalised realisations 
across the two speech styles (bottom lighter colors), whereas 
front and low vowel contexts yield relatively fewer tokens of 
vocalisation. There are also differences across speech styles for 
some vowel contexts, with a relatively higher level of 
vocalisation found in word-list style for low and front vowels 
but a more even distribution across styles for the back and 
central vowel contexts. 
 

 
Figure 2: % /l/-realisations by Vowel and Speech Style. The 
top two darker colours are consonantal realisations and the 

bottom two lighter colours are vocalised realisations. 
 

2.2. Parameterisation of the data 

Following [29] and [30], for all of the selected vowel+/l/ 
sequences, we captured acoustic data from the onset of the 
vowel to the offset of the /l/. For each vowel+/l/ rhyme token 
the acoustic parameters referred to above (formants, intensity, 
F0 and MFCCs) were extracted at 11 equidistant points through 
an R [31] script developed for this purpose. After this, the 
dynamic trajectory of each acoustic measure was parameterised 
using a Discrete Cosine Transformation (DCT) of the 11-point 
trajectories. This then gave for each token a set of single values 
(the DCT coefficients) characterizing the trajectory for each 
acoustic parameter. The DCT output consists of C0-C3. C0 
captures the mean amplitude, C1 the linear slope (whether it is 
flat or not), C2 the curvature, and C3 the amplitude at higher 
frequencies. This allows the learning algorithm to test which 
aspect of the signal may have the strongest predictive power in 
the classification task being undertaken. For all trajectories, the 
DCT transformation also smoothed out point extraction errors 
from the signal. A set of non-acoustic parameters accessible 
from the forced alignment were also built into the model 
including factors such as quality of the preceding vowel (on a 
front-back, close-open dimension), and information regarding 
the place and manner of articulation and voicing of adjacent 
consonants. This multi-faceted parameterisation of the 
vowel+/l/ dataset generated many potential predictors, acoustic 
and non-acoustic. The learning task was to determine which if 
any provided an effective basis for classifying tokens as 
vocalised or not. 

2.3. Predictor Optimisation 

The modelling was carried out in training, testing and 
assessment phases. In the training phase, given our initial broad 
set of variables extracted from the data (including speaker 

characteristics, vowel information, phonological context, and 
acoustic features, as described above), we applied the Boruta 
feature selection algorithm [32] as a Variable Importance 
Measure designed to identify the features of a dataset most 
relevant to the classification task. We ran the Boruta package in 
R [31], implementing a feature selection algorithm that 
identifies the relevant variables in a dataset [33] by iteratively 
removing the features which are less relevant for classifying the 
data. The power of this approach lies in its application to 
datasets in which a large number of variables need to be 
modeled in the absence of prior knowledge regarding which 
factors are likely to be the most relevant. Another crucial reason 
is that it has been demonstrated that there are machine learning 
algorithms that show a decrease in accuracy when the number 
of variables is higher than optimal [34]. The Boruta analysis 
pointed to 11 variables which were most important in 
distinguishing between the categories to be classified, as shown 
in Table 2. 
 

Table 2: Important parameters from the Boruta algorithm 
(Gini Importance). The ** represent those parameters that 

were not significant in the final Random Forest Model. 
 

Variable Description Boruta 
Importance 

MFCC 5 c1 DCT Slope (coeff. 5) 21.2 
F1 (50%) F1 value at 50% 20.6 

Intensity c0 DCT Mean amplitude 20.5 
MFCC 5 (80%) MFCC coeff. 5 at 80% 19.6 
Intensity (20%) Intensity at 20% 19.2 
MFCC 8 (80%) MFCC coeff. 8 at 80% 16.7 
Advancement Vowel advancement 5.7 

MFCC 2 (20%) MFCC coeff. 2 at 20% 4.2 

MFCC 7 c2 
DCT Curvature  

(coeff. 7) ** 
Duration (ms) Duration of trajectory ** 

F1 c0 DCT Mean amplitude ** 
 

2.4. Classification model training and testing 

The 11 variables referred to above were chosen to be input 
parameters in a Random Forest (RF) model [35] implemented 
by using the randomForest package in R. This runs a 
combination of tree predictors, with each tree randomly 
selecting multiple predictive variables and evaluating their 
contribution to the classificatory task. In the end, all variables 
are ranked and the ones with lower error rates are classified as 
more important for classifying the categories specified. For this, 
the data was split into a training dataset and a test dataset used 
for validation and prediction. For the training dataset, we 
randomly selected 75% of the full dataset. For the test dataset, 
we selected the remaining 25%. In the first stage, the RF model 
is trained using the training dataset. Then in a second stage, the 
algorithm tries to predict the /l/-realization type on the test 
dataset, which it has not seen before. With this, we avoid 
overfitting on the predictability power of the model if we only 
test accuracy on data that the predictor has already seen. 

The RF model was run using a classification method to 
predict the benchmark ‘correct’ classification of the /l/-
realisation (i.e. the outcome that the RFs aims to predict) 
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provided by the auditory assessment. The results from this 
model showed that out of the eleven variables initially 
identified in the parameter optimisation stage of our analysis, 
eight proved to be important variables when running the 
classification, as shown in Table 2.  

2.5. Estimating model effectiveness 

The RF modelling was run with 500 trees, with the number of 
variables tried at each split (mtry) evaluated at 2. The overall 
test classification accuracy of the RF model was 82.1%. The 
correct classification of consonantal types (sensitivity) had 
73.7% accuracy; i.e. over 7/10 Consonantal realisations were 
correctly classified as true positives by the model (with 3/10 as 
false negatives), while the correct classification of 
vocalised types (specificity) had 89.1% accuracy; i.e. almost 
9/10 of the Vocalised realizations were correctly classified 
(with 1/10 as a false negative). The effectiveness of the model 
classification was somewhat variable across conditions; the 
most effective overall classification (87%) was found following 
a front vowel nucleus – probably an environment where the 
spectral differentiation of the two variants is relatively high.  

3. Discussion 
The integration of machine learning and linguistic analysis in 
applications such as automatic speech recognition has 
demonstrated that robust phonetic classification models can be 
developed with a great degree of accuracy. In this work, we 
have developed a promising model for applying these 
techniques to the automatic classification of /l/-realisational 
variants in speakers of one variety of English, an approach that 
approximates the ‘conservative’ categorical judgements of /l/-
vocalisation that have prevailed in the sociophonetic literature 
to date. While caveats of course apply to our findings (not least 
in relation to the relatively small-scale benchmark dataset that 
we have deployed), our results suggest that there would be 
value in further refining this approach. A first step would be to 
test the modelling framework with a significantly larger 
benchmark dataset. It would also be important to further 
explore ways of optimizing the statistical model and the criterial 
acoustic parameters, with a view to reducing false positive 
classification of vocalized tokens, and we need to 
systematically assess reasons why classification effectiveness 
varies across different phonological contexts. In pursuing the 
latter question, one challenge is perhaps the somewhat opaque 
mapping between MFCC representations and the 
acoustic/articulatory space that we are most familiar with in 
accounting for contextual and coarticulatory variation in speech 
performance [36].  

A further limitation of our approach is that it is predicated 
on a binary categorization of /l/-realisations and therefore does 
not lead us any closer to automatically capturing from large 
corpora socially-correlated variability in the realisation of the 
broader /l/-colouring continuum (of which vocalisation is most 
likely just one aspect). Having said that, as pointed out in [14], 
a binary classification of this phenomenon does seem to map to 
a certain extent to listener’s auditory judgements of the 
vocalised /l/, so there is some merit in attempting to achieve 
automatic coding of this variable that approximates that which 
listeners can provide. This exemplifies a more general point of 
debate within sociophonetic research; namely a tension 
between insights gained from acoustic and/or articulatory 
investigations with methods that can identify deep layers of 
fine-grained cross-speaker variation, and other insights gained 

from auditory analysis based on less granular categories. This 
is a tension that has been captured by Labov’s [37] concern 
about an “endless pursuit of detail”, but ultimately it is a tension 
that underscores the need to investigate sociophonetic 
variability from the point of view of both speakers and listeners. 

4. Conclusions 
Our findings demonstrate that a Random Forest approach to 
modelling, deploying a range of acoustic and other parameters 
together with the application of a Variable Importance Measure, 
is a promising basis for undertaking automatic acoustic coding 
of vocalised /l/-realisations by speakers of Australian English. 
Future development of this approach will explore the relative 
effectiveness of the model in different phonological contexts, 
as well as with a much larger dataset than that which was used 
here in this exploratory proof-of-concept study. There is no 
doubt that /l/-vocalisation warrants much more investigation 
across many varieties/languages (including the many other 
varieties of English in Australia and NZ). The work reported 
above suggests that, with effective further refinement, 
automatic classification methods have potential to form part of 
the toolkit for this task. 
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