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Abstract 

Traditionally, work in automatic accent recognition has followed a similar research trajectory 1 

to that of language identification, dialect identification and automatic speaker recognition. 2 

The same acoustic modelling approaches that have been implemented in speaker recognition 3 

(such as GMM-UBM and i-vector-based systems) have also been applied to automatic accent 4 

recognition. These approaches form models of speakers’ accents by taking acoustic features 5 

from right across the speech signal without knowledge of its phonetic content. Particularly 6 

for accent recognition however, phonetic information is expected to add substantial value to 7 

the task. The current work presents an alternative modelling approach to automatic accent 8 

recognition, which forms models of speakers’ pronunciation systems using segmental 9 

information. This paper claims that such an approach to the problem makes for a more 10 

explainable method, and therefore a more appropriate method to deploy in certain settings 11 

where it is important to be able to communicate methods, such as forensic applications. We 12 

discuss the issue of explainability and show how the system operates on a large 700-speaker 13 

dataset of non-native English conversational telephone recordings. 14 

 15 
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forensic applications 17 
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 19 

1. Introduction 20 

The field of automatic speaker recognition has been subject to an evolution of modelling 21 

approaches, and this has driven many of the approaches applied in Language Identification 22 

(LID) and Dialect Identification (DID). There has been a transition from Gaussian Mixture 23 

Models (Reynolds and Rose, 1995) to i-vectors (Dehak et. al., 2011) and now these fields 24 

have progressed to Deep Neural Network embeddings (Snyder et. al., 2017). Throughout this 25 

evolution, we have witnessed automatic speaker recognition error rates edge closer and closer 26 

to 0% under certain conditions. We can view automatic accent recognition as a task that is 27 

similar to LID and DID in that it is usually about assigning a class label to a speaker. 28 

However, different accents of the same language are expected to have fewer and more subtle 29 

differences discriminating them than different languages or different dialects. Within DID, 30 

we can see an Equal Error Rate (EER) as low as 6% in the work of Biadsy et. al. (2010) who 31 

aimed to automatically classify speakers into one of five broad dialect groups of Arabic1. In 32 

comparison, automatic accent recognition error rates are often in the region of 15-25% EER 33 

(e.g. Behravan et. al., 2013). This trend in EERs aligns with initial expectations around the 34 

relative difficulty of dialect classification tasks and accent classification tasks. Because 35 

dialects tend to vary in relation to a number of levels of linguistic analysis (e.g. lexical 36 

variation, pronunciation variation, prosodic variation), and accent relates predominantly to 37 

pronunciation variation, it is logical to expect fewer and more subtle differences among 38 

different accents. Accent also varies as a result of many factors beyond the regional 39 

background of the speaker (e.g. i.e. other social or experiential factors). It is therefore 40 

reasonable to expect accent recognition to be a more difficult task.  41 

 
1 However, we note that Boril et. al. (2012) pointed out that such a low error rate in Biadsy et. al. (2010) could 

have been partly down to channel characteristics that separated the classes of speakers, not just linguistic 

differences. 
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 42 

Human accent recognition performance tends to confirm the difficulty of identifying a 43 

speaker’s accent. In the linguistic perception literature, Clopper and Pisoni (2004) report an 44 

overall classification rate of 30% correct on a task that involved 23 human listeners 45 

classifying speech samples into one of six North American English dialect categories. 46 

Likewise, Vieru et. al. (2011) ran experiments on human listeners to test how well they could 47 

classify non-native accented French speech samples into one of six categories. They observed 48 

an overall classification rate of 52% correct. In both studies, the chance level of performance 49 

was 16.67% correct. 50 

 51 

The work presented in this paper builds on the existing automatic accent recognition research 52 

by demonstrating the capabilities of a segmentally-informed approach, and by justifying why 53 

this is a good option for forensic applications. A segmentally-informed approach is one 54 

where there is knowledge about the segmental content (i.e. the sequence of phone-sized units) 55 

incorporated into the system’s workings and is therefore enabled to directly target the 56 

phonetic productions that are expected to be diagnostic of a speaker’s accent. The specific 57 

segmentally-informed system used in this study is the York ACCDIST-based automatic 58 

accent recognition system (Y-ACCDIST) (Brown, 2016). As the prospect of using automatic 59 

speaker recognition technology for forensic casework increases, Brown (2017) entertains the 60 

idea of developing an automatic accent recognition system for forensic applications in cases 61 

where we might want to establish an accent profile of an unknown speaker. Conducting a 62 

speaker profiling task like this could assist in narrowing down the pool of potential suspects 63 

in an investigation (Watt, 2010), or it could even assist in refining a reference population for 64 

speaker comparison.  65 

  66 

Across the forensic sciences, there are movements towards introducing technology to assist 67 

with analyses. The ability to explain how an analysis has been carried out is particularly 68 

important if the analysis feeds into evidence used in court. However, even if the analysis is 69 

not used evidentially, there are benefits to being able to explain these analysis methods. 70 

Analysts (or, indeed, other stakeholders) are likely to use methods more effectively and 71 

appropriately if they have a stronger understanding of them. Because it is segmentally-72 

informed, rather than heavily reliant on machine learning algorithms, Y-ACCDIST is more 73 

transparent and “explainable”, and these are desirable properties of methodologies and 74 

analyses that are presented to the courts. We expand on the idea of explainable 75 

methodologies in the context of forensic applications in Section 2 below, before describing 76 

the operating principles behind Y-ACCDIST. Section 3 and Section 4 contain details on the 77 

experiments we have run and the results. Section 5 discusses the results in the context of 78 

system explainability and the system’s place among other automatic accent recognition 79 

systems. 80 

 81 

2. Background 82 

This section first discusses the increasing need for explainable solutions in the context of 83 

forensic science. It then conceptually introduces the Y-ACCDIST system and how it is 84 

different from other automatic accent recognition systems in Section 2.2. Section 2.3 then 85 

considers the nature of the data used for these experiments.  86 

 87 

2.1  Explainable Solutions 88 

While this paper specifically considers the importance of explainability in forensic contexts, 89 

explainability is very much a topic of interest across various disciplines that fall within 90 

artificial intelligence. There is an emerging interest in, what is called, Explainable AI 91 
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(regularly referred to as XAI) (Adadi and Berrada, 2018). Explainable AI is concerned with 92 

improving our ability to explain the workings of different technologies that make use of 93 

increasingly complex techniques in order for us to truly trust these systems. Often, medical 94 

applications of AI tools are given as examples to illustrate the importance of explaining the 95 

inner mechanisms of these systems (e.g. Adadi and Berrada (2018) and Samek et. al. (2017)). 96 

In the context of disease diagnosis, the decision being made by a system potentially has 97 

significant consequences on people’s lives, and so having a clear understanding of the 98 

method used to reach that decision can be crucial.  99 

 100 

The work in this article targets forensic applications which is another application with 101 

significant consequences attached. The output of a forensic analysis is fed into the justice 102 

system and is possibly used to motivate life-changing decisions. In a similar way to medical 103 

purposes, it is important that we can justify the analyses used for such purposes. This is 104 

incorporated into the Codes of Practice and Conduct put forward by the UK Forensic Science 105 

Regulator that are expected to be followed by forensic practitioners operating in a range of 106 

forensic analytical disciplines (Tully, 2020). Within the Codes of Practice and Conduct, it is 107 

stated in Section 28.4.2 on the reporting competencies of forensic experts) that: 108 

 109 

Forensic units shall ensure that all staff who provide expert evidence... are able to explain 110 

their methodology and reasoning, both in writing and orally, concisely in a way that is 111 

comprehensible to a lay person and not misleading. 112 

 113 

This part of the Codes of Practice and Conduct is very much in line with a lesser-known part 114 

of the European Union’s General Data Protection Regulation (GDPR) which generated a lot 115 

of public and media attention in 2018 when it was implemented. Much of the attention 116 

surrounding GDPR concerned gaining consent from individuals when organisations handled 117 

personal data. However, within the GDPR, there is also mention of the right to an 118 

explanation. This has machine learning in mind where a lot of data is typically used to yield 119 

outputs. The right to an explanation ties in with the GDPR’s key aim of giving people more 120 

control of their personal data, and it is of particular importance when the stakes are high in 121 

the decisions that are made by an algorithm. 122 

 123 

If evidence in a case is not sufficiently explained, it is quite possible for the court to discard 124 

or ignore that piece of evidence in a case. One such example was demonstrated in R. v Clark 125 

(EWCA Crim 1020., April, 2003). In this case, a mother was appealing her convictions for 126 

murdering her two baby sons. A number of medical experts became involved in this case, but 127 

among these the evidence given by a Home Office pathologist was called into question. The 128 

ruling commented that the pathologist appeared to be unable to communicate and explain 129 

how he arrived at the conclusion he did. Based on this inability to explain, the ruling went on 130 

to say that “this aspect of the matter called into question the competence of Dr [X]”. 131 

 132 

It would be too idealistic to expect that all methods used for forensic analysis can be 133 

explained to a point that a lay person is well versed in all the details. However, it is clear that 134 

a more explainable method, if available and fit-for-purpose, would be preferred. Alongside 135 

the case outlined above, the issue of explainability has also been raised in a case that involved 136 

forensic speech analysis. In the case of Slade and Ors ([2015] EWCA Crim 71), an automatic 137 

speaker recognition system was applied to the voice recordings in question, but this evidence 138 

was not admitted in this case. This was partly because the court was concerned about the 139 

possibility of effectively communicating the method to a jury.  140 

 141 
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In recognition of the need for clear and coherent explanations of forensic methods, the Royal 142 

Society has been involved in a project that aims to improve ways of explaining 143 

methodologies in forensic settings. Specifically, a steering group was formed to develop 144 

“primers”, which are short documents that are designed to clearly explain how a specific 145 

forensic analytical method operates, as well as laying down the limitations attached to that 146 

method. The project has been a collaborative effort between forensic scientists, judges and 147 

other legal practitioners to carefully craft the content of these primers. It is hoped that 148 

presenting primers to judges in a given case can assist in improving understanding of a 149 

specific type of evidence and therefore delivering decisions in a more informed way. So far, 150 

these primers have been developed for DNA analysis and gait analysis (i.e. analysing the way 151 

in which individuals walk), and there are intentions to develop more primers for other 152 

forensic disciplines. 153 

 154 

Within the phonetics literature, there have been attempts to increase the explainability of 155 

machine learning techniques when they are applied to voice data. Ferragne et. al. (2019) 156 

carried out a very focussed study where they extracted tokens of a single French vowel 157 

phoneme from 45 speakers and passed the spectrograms of these vowels through 158 

Convolutional Neural Networks (CNN) in speaker classification trials. In different sets of 159 

trials, the authors manipulated and varied which frequencies were included in the training and 160 

test data that were used by the CNN to attribute the vowel spectrograms to individual 161 

speakers. By manipulating the data in this way, the authors aimed to uncover which features 162 

the CNNs were learning, and which frequencies were important, to perform the speaker 163 

classification task. Manipulating the data like this presents one way in which we can learn 164 

more about the inner workings of machine learning techniques.  165 

 166 

As part of the effort to achieve a firmer grasp of the underlying mechanisms of a method, we 167 

can also look towards developing alternative methods that are inherently easier to explain and 168 

to understand. The Y-ACCDIST system that is presented in this paper is less dependent on 169 

machine learning mechanisms that do not make it easy to recover the features it based its 170 

overall decisions on. The Y-ACCDIST system is restricted to focussing on how the different 171 

vowels and consonant phonemes are phonetically realised by individual speakers, which is 172 

expected to reveal the accent of a given speaker. By focussing the system in this way, we can 173 

be more sure that the features key to the outcome of an accent recognition decision are taken 174 

into account by the system. Increasing certainty like this is a way that explainability can be 175 

integrated into an automatic accent recognition system. Other types of system rely much 176 

more heavily on machine learning techniques to estimate which combination of acoustic 177 

features is likely to lead to a correct outcome. It is then difficult to determine whether this 178 

latter method has definitely taken into account those features which are likely to contribute 179 

most to a successful accent recognition task, and therefore more difficult to explain to the 180 

relevant parties involved in the legal domain how the method has delivered its outcome. The 181 

Y-ACCDIST system is a segmentally-informed alternative, and a method where we can be 182 

more sure that it is the phonetic realisations of vowels and consonants that count towards its 183 

decision.  184 

 185 

 186 

2.2 The Y-ACCDIST System 187 

The York ACCDIST-based automatic accent recognition system (Y-ACCDIST) is inspired 188 

by the ACCDIST metric that was devised by Huckvale (2004). Unlike other accent 189 

recognition system architectures, ACCDIST-based approaches explicitly implement 190 

segmental information in the modelling process to take advantage of differences we primarily 191 



 5 

associate with accents in the linguistic literature.  Specifically, these are phonetic realisational 192 

differences, such as the pronunciation of the BATH vowel that distinguishes typical speakers 193 

from the North and South of England. Northern speakers would typically produce an [æ] 194 

while Southern speakers typically produce [ɑ]. ACCDIST-based systems are therefore quite 195 

selective in the information they include. However, we acknowledge that they ignore other 196 

potentially informative layers of analysis that could be indicative of a speaker’s accent. For 197 

example, we know that there are prosodic cues that are characteristic of specific varieties 198 

(Grabe, 2004). Additionally, voice quality parameters have been studied as characteristic 199 

features of accents. Voice quality is concerned with the underlying settings of the vocal tract 200 

which determine longer-term characteristics of a speaker’s voice (for example, a speaker 201 

might sound particularly nasal throughout his or her speech productions because of their 202 

tendency to position the velum in a certain way). Voice quality is usually associated with 203 

individual speaker differences because it is closely linked with a speaker’s physiology (and 204 

therefore perhaps a more appropriate level of analysis for speaker recognition). There are also 205 

certain behavioural aspects of voice quality which lead to speakers acquiring certain vocal 206 

settings. This results in speakers within a speech community sharing voice quality features. 207 

As one case study, Stuart-Smith (1999) found that working-class Glasgow speakers typically 208 

have a more whispery voice quality than middle-class Glasgow speakers. It is important to 209 

acknowledge that these other potentially relevant parameters of speech are overlooked by the 210 

approach we take in this work. These parameters are perhaps captured by other types of 211 

accent recognition system like GMM-UBM (e.g. Chen et. al. (2001)), i-vector-based systems 212 

(e.g. Najafian et. al. (2016)) and neural network-based systems (e.g. Shon et. al. (2018)) 213 

because they are expected to capture a more global acoustic representation of speech 214 

samples. Such types of acoustic system have also been compared with ACCDIST-based 215 

approaches on the same datasets in past studies (Brown, 2016; Hanani et. al., 2013) 216 

confirming our expectations that the text-dependent ACCDIST-based systems outperform the 217 

text-independent acoustic-based systems in each case. This suggests that a more targeted 218 

approach that is based on the features, from the outset, that are expected to differentiate 219 

among classes (in this case, accent groups) can also improve overall performance. 220 

 221 

What separates the Y-ACCDIST system from other ACCDIST-based systems seen in 222 

Huckvale (2004, 2007) and Hanani et. al. (2013) is that it has been adapted to be able to 223 

process spontaneous content-mismatched speech (Brown 2015, 2016). Specific details of 224 

how Y-ACCDIST does this are provided further below in the technical description of the 225 

system in Section 3.3. Other studies that have tested ACCDIST-based systems have relied on 226 

highly controlled data where the spoken content of the training data has matched that of the 227 

test data (the same reading passage or read prompts). Much of the previous work on the Y-228 

ACCDIST system has been motivated by forensic applications, and so removing this 229 

restriction was a central focus in its development. 230 

 231 

It is possible to be selective and vary the phone segments that are included in the Y-232 

ACCDIST models. Other ACCDIST-based studies (Huckvale, 2004; Hanani et. al., 2013) 233 

only included vowel-based segments. In the case of Huckvale (2004, 2007), word-specific 234 

vowels were used, meaning that the vowel in kit and the vowel in trip were treated as 235 

separate segmental variables (or features) in the models. In the case of Hanani et. al. (2013), 236 

triphone-specific vowels were used as segments for modelling. This meant that the vowel in 237 

kit and trip were, again, treated as separate vowel segments, but the vowels in trip and rip 238 

were collapsed into the same segmental variable. In these previous studies, it is likely that 239 

selecting only vowel-based units was a way to reduce the computational cost, because the 240 

types of segments they used resulted in making a lot of feature types available to use in their 241 



 6 

models. The use of highly context-specific segments restricts these systems to being 242 

implemented in tasks that only involve reading passage data, where the spoken content of the 243 

training speakers matches that of the test speakers. In contrast, the segments used for 244 

modelling in Brown (2015) and Brown (2016) were not context-specific and, instead, 245 

phoneme-based segments were implemented in the modelling. As a consequence, the vowels 246 

in kit, trip and rip were all collapsed into one segmental variable in the modelling, making it 247 

possible to apply the system to spontaneous content-mismatched speech data. We took 248 

advantage of the fact that there are therefore fewer segments available for modelling – this 249 

makes it possible to show the benefits of including consonant segments as well. Although the 250 

sociophonetics research literature often focusses on differences in vowel productions between 251 

different accent varieties, of course consonant productions can also be used as diagnostics in 252 

accent classification. By only focussing on vowel segments, we would possibly ignore many 253 

useful cues in an accent recognition task.  In previous testing of the Y-ACCDIST system, on 254 

two different corpora of native English accents, it was found that in one case a vowels-only 255 

setting outperformed an all-phonemes setting, whereas the reverse outcome came about for 256 

the other corpus (Brown, 2017). We can gather that whether a vowels-only or an all-257 

phonemes setting is the more successful one depends on the specific set of accents that are 258 

being distinguished between2.  259 

 260 

The data in the present work provide us with an additional opportunity to include filled 261 

pauses (“er” and “erm”) as unique segments within the accent models. Filled pauses have 262 

accumulated some attention in the forensic phonetics literature, specifically in the context of 263 

forensic speaker comparison (Hughes et. al., 2016; McDougall and Duckworth, 2017). We 264 

also found in Franco-Pedroso and González-Rodríguez (2016) that filled pauses were among 265 

the most discriminative units for automatic speaker recognition. Because of their frequency in 266 

spontaneous speech, we would assume that they form a strong representation in the speaker 267 

models. The fact that we can think of them as unconscious events suggests that they are more 268 

difficult for speakers to disguise and they may also transfer more straightforwardly from a 269 

speaker’s first language. Consequently, they are expected to be strong variables to include in 270 

a speaker model. For these same reasons, we could view filled pauses as variables worth 271 

pursuing for accent recognition.     272 

 273 

Until the present study, another impracticality of Y-ACCDIST has remained, making it less 274 

appealing as a tool for real-life applications. Even though it has been demonstrated that Y-275 

ACCDIST can process content-mismatched (spontaneous) speech data, it still requires a 276 

transcription as input. So far, these transcriptions have been manually generated, but the 277 

experiments in this paper make use of estimated transcriptions based on the output of a 278 

speech recognition system. Incorporating this step still comes with its pitfalls, but it removes 279 

a large amount of labour from the overall process. 280 

 281 

2.3 Non-native accents 282 

All past work on ACCDIST-based approaches to accent recognition have been concerned 283 

with native varieties of English. The work of Huckvale (2004, 2007), Hanani et. al. (2013) 284 

and Ferragne and Pellegrino (2010) made use of the Accents of the British Isles (ABI) corpus 285 

(D’Arcy et. al., 2004). The ABI corpus enabled researchers to classify speech samples into 286 

one of 14 accent categories that were dispersed across the breadth of the British Isles. Work 287 

with the Y-ACCDIST system has homed in on accent varieties that are expected to be much 288 

 
2 There is also some intervention from the SVM, in that during training it estimates weights for the different 

input features that are included, and so some features (or segments) will contribute more to the classification 

decision than others. 
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more similar to one another, in that they are geographically much closer together than the 289 

accents offered by the ABI corpus (Brown 2016, 2017). 290 

 291 

The work presented here moves away from native accents and towards categorising non-292 

native accent data. This work makes classifications of the speakers’ native language based on 293 

their production of English. The non-native task introduces new challenges and factors to 294 

consider. We can expect that the data used to train a model for a single accent is more 295 

variable for a non-native accent than it is for a native accent. Piske et. al. (2001) offer a list of 296 

factors that affect a speaker’s foreign accent. Among these are factors like the age of the 297 

speakers when they learn a language, the length of time speakers have resided in a place 298 

where the second language is spoken, the motivation of the speaker and the aptitude of a 299 

speaker. There are also aspects that link to a speaker’s identity. Drummond (2012) points out 300 

that some second-language speakers may intentionally avoid adopting pronunciation features 301 

of native speakers to reinforce their native identity.  302 

 303 

Linguistic proficiency is not relevant to native accents, and so introduces a different kind or 304 

extent of variability to the data in this paper’s experiments. Behravan et. al. (2015) looked at 305 

the effect of language proficiency on i-vector-based automatic accent recognition 306 

performance. Using a database of second-language speakers of Finnish, they found that more 307 

proficient speakers are less likely to be correctly labelled in an accent recognition task. We 308 

might draw from this that a higher level of proficiency removes features that are indicative of 309 

a speaker’s native language. This is a factor that will no doubt have an effect on the 310 

experiments and results presented here. The chosen dataset is one that consists of hundreds of 311 

speakers for whom English is their second language. There will be a great range of 312 

proficiencies among the speakers and perhaps an imbalance of proficiencies across the 313 

different accent groups. Metadata is not available on the proficiencies of these different 314 

speakers. This is therefore an aspect to keep in mind when reviewing the results, rather than a 315 

factor that will be analysed in detail. 316 

 317 

3. Experiments 318 

This section first introduces the dataset that was used to train and test the Y-ACCDIST 319 

system, before describing the system’s inner workings. This section also provides 320 

explanations of the different ways we can observe the system’s outputs and performance 321 

evaluation. 322 

 323 

3.1 NIST SRE data 324 

The data used to test the performance of Y-ACCDIST on non-native varieties are from the 325 

National Institute of Standards and Technology Speaker Recognition Evaluation (NIST SRE) 326 

2004, 2005 and 2006 datasets (Przybocki et. al., 2004). These datasets are primarily intended 327 

for automatic speaker recognition experiments, but metadata are available that make it 328 

possible to conduct other kinds of task. These databases are largely made up of telephonic 329 

speech, and the subset used for the experiments in this paper is just made up of telephonic 330 

speech (as this is a data condition that is reflective of a large proportion of forensic speech 331 

casework). Not all speakers in the combined dataset are relevant to the research objectives of 332 

this paper. Not all the recorded conversations in the database are in English, and these 333 

recordings are not relevant to these experiments. Additionally, of the recordings where 334 

speakers are speaking English, there are great imbalances between the number of speakers 335 

within different accent groups. By far, the group with the largest number of speakers is made 336 

up of native English speakers, and there are large numbers of native speakers of Russian who 337 

are speaking in English. At the other end of the spectrum, there are very few Vietnamese 338 
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speakers, for example. From the different speaker groups available, seven were selected, 339 

based on the fact that these categories allowed for accent groups of 100 speakers each. The 340 

resulting non-native accents for these classification experiments were therefore:  341 

 342 

• Arabic 343 

• Bengali 344 

• Mandarin Chinese 345 

• Native English 346 

• Farsi 347 

• Russian 348 

• Spanish 349 

 350 

More detailed information is not available on the speakers’ language background. For 351 

instance, the Arabic speakers could be native speakers of any Arabic dialect, but this 352 

information is not documented in the metadata. Also, having listened to a small number of 353 

the recordings in the native English category, it seems that most of the speakers are speaking 354 

a North American variety of English (as expected), but there are also recordings we strongly 355 

suspect are of British English speakers. These factors may bring about additional variability 356 

in the accent models, on top of those that come with non-native accents.  357 

 358 

Each speaker’s speech sample is part of a two-way casual conversation with another speaker 359 

which lasts for approximately 5 minutes in total. We can therefore expect that each individual 360 

speaker’s speech sample contains around 2-2.5 minutes of speech (although we should 361 

acknowledge that there is likely to be variation in duration per speaker). Having listened to a 362 

small number of these recordings, it seems that it is not uncommon for recordings in this 363 

database to come with some background noise (e.g. other people talking in the background). 364 

 365 

3.2 Phone estimation 366 

As stated in Section 2.2 above, Y-ACCDIST requires a transcription of the recordings for the 367 

modelling process. In past work, manually prepared transcriptions have been used and the 368 

initial stage of the system has been forced aligned. In this work, the outputs of an automatic 369 

speech recognition are used instead as the dataset of spontaneous speech is much larger than 370 

those used previously. The resulting estimated labels are those that were used for the 371 

experiments in Franco-Pedroso and González-Rodríguez (2016). These labels were produced 372 

by the Decipher automatic speech recognition system by researchers at SRI (Kajarekar et. al., 373 

2009)3. This system achieves a Word Error Rate of 23.0% for native English speech and 374 

36.1% for non-native English speech. These error rates suggest that the resulting 375 

transcriptions we are using in these experiments are riddled with errors. We can therefore 376 

expect numerous errors that feed into the Y-ACCDIST models. 377 

 378 

Another detail to point out is that the speech recognition system is trained on North American 379 

English. This means that the estimated transcriptions make use of North American 380 

phonology. For the Y-ACCDIST system’s processes, we need a single reference phonology 381 

for the differences in phonetic realisations between the accent varieties to be expressed. 382 

 
3 These transcriptions were not generated specifically for the purpose of these experiments, but had been used 

for past experiments for applications such as speaker recognition. Using the ASR system transcriptions was a 

practical decision based on the size of the dataset. Other Y-ACCDIST studies have not used automatic methods 

to produce the transcriptions. 



 9 

However, we can see that some of the non-native speakers may be targeting a British 383 

phonology (depending on the speakers’ previous linguistic exposure or education).  384 

 385 

3.3 Y-ACCDIST system description 386 

Using the phone labels and estimated segmentations produced by the speech recognition 387 

system, we aim to form a model of accent for each speaker. Taking each training speaker’s 388 

segmented speech sample, a single MFCC vector is extracted at the midpoint of each 389 

estimated phone segment. The MFCCs that are extracted consist of 12 cepstral coefficients, 390 

plus energy, amounting to a vector of 13 elements. The MFCCs had a standard frame 391 

duration of 25ms. From these features, the average MFCC vector is calculated for each 392 

phoneme in the phoneme inventory, gathering a sense of a speaker’s production of different 393 

segments. Using these representations, it is then possible to form a model of each speaker’s 394 

accent by compiling a matrix for a single speaker with the cosine distances of all the 395 

phoneme pair distances that are possible within the phoneme inventory, using the average 396 

midpoint MFCC representations4. Figure 1 demonstrates part of a Y-ACCDIST matrix with 397 

just three phonemes. 398 

 399 

 400 

 401 

 402 
 403 

 404 

Figure 1: Illustration of part of a Y-ACCDIST matrix with only the first three phonemes of 405 

the inventory. 406 

 407 

Forming a model of accent at this stage of the process is key to opening up the explainability 408 

of the system. The particular modelling method draws from our understanding of accent 409 

variation to access the accent-specific information and organises the acoustic features before 410 

passing them through machine learning classification mechanism. This is instead of using a 411 

machine learning or statistical method to estimate the information or combination of features 412 

that is useful to the accent classification task without drawing on existing understanding of 413 

how accents vary.  414 

 415 

 416 

Taking the speaker for each accent group in our training set, we can then train a Support 417 

Vector Machine (SVM) classifier using the Y-ACCDIST matrices as input features. In this 418 

classifier, each speaker is effectively plotted in multidimensional space, positioned by the Y-419 

 
4 In past work using the Y-ACCDIST system, Euclidean distance has been used. In the case of the specific 

dataset in this work, we saw that cosine distance brings about the optimal performance. We will note this 

performance difference between the distance metrics in Section 4.1 and further discuss the possible reasons for 

the difference in Section 5. 
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ACCDIST matrix elements. For each accent category in our dataset, we can form a one-420 

against-the-rest configuration, where, on rotation, each accent is the ‘one’, while the speaker 421 

matrices from the other accent categories become one collective group forming ‘the rest’. A 422 

hyperplane and optimal margin that best separate these two groups of speakers is computed 423 

with a linear kernel. To classify an unknown speaker’s accent, we model their speech sample 424 

as a Y-ACCDIST matrix. On each rotation for each accent category in the SVM, the 425 

unknown speaker’s matrix is fed into the SVM. The clearest margin it forms with the 426 

hyperplane on one of these rotations indicates its accent category. Figure 2 below illustrates 427 

the whole series of processes involved in the variant of the Y-ACCDIST system used in this 428 

study. 429 

 430 
 431 

 432 

Figure 2: System diagram of the Y-ACCDIST-SVM system used in these experiments. 433 

 434 

3.4 Performance Evaluation: accent recognition as classification and verification problems 435 

This paper presents results in two different forms. One form is a ‘hard’ decision for each 436 

accent recognition trial. This looks at accent recognition as a classification problem. Taking 437 

the best-performing segmental configuration from these results (i.e. vowels-only, all-438 

segments, with/without filled pauses), this paper then moves on to analysing the performance 439 

through observing the accent trials as ‘soft’ decisions (i.e. deriving likelihoods of speech 440 

samples assuming an accent category or not that accent category).  For the soft decisions, we 441 

use the scores produced by the SVM, not just the label that led to the clearest margin. These 442 

scores are obtained by using a test speech sample’s distance from the hyperplane in the SVM. 443 

These soft decision outputs allow us to consider accent recognition as a verification problem. 444 

It is important to consider these likelihoods in the context of applications for accent 445 

recognition technology. It is plausible to have speech samples that are computed to form 446 

fairly convincing margins for all the candidate accents in a system, and likewise, we could 447 

have speech samples that are not assessed to be particularly similar to any of the candidate 448 

accents. A hard decision would simply assign a label which would carry equal weight in each 449 

case. Looking at soft decisions gives us some gradience to an outcome. In the context of 450 
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forensic applications, a soft decision allows us to take the weight of the evidence into 451 

account.  452 

 453 

To investigate the use of soft decisions, likelihood ratio framework is implemented. We take 454 

inspiration from how it is implemented in speaker recognition and apply a version of this to 455 

accent recognition. The likelihood ratio can be expressed through the simple formula below: 456 

 457 

𝐿𝑅 =
𝑝(𝐸|𝐻𝑝)

𝑝(𝐸|𝐻𝑑)
 458 

 459 

 460 

The numerator is the likelihood of the evidence (the speech recording from unknown source) 461 

when assuming that the prosecution hypothesis, Hp, is true. In the context of speaker 462 

verification, this hypothesis is represented by a model of the suspect’s voice, while in the 463 

case of accent recognition it will be a given target accent. On the other hand, the denominator 464 

is likelihood of the evidence when assuming that the defence hypothesis, Hd, is true. That is, 465 

the speaker in the recording is a speaker other than the suspect, or in the accent recognition 466 

scenario, the speech sample belongs to a different accent than the given one. In effect, we 467 

have a ratio that puts the degree of similarity between the unknown and target samples 468 

(suspect or given accent category) against the estimated degree of typicality that the evidence 469 

presents.  470 

 471 

 472 

 473 

3.5  Calibration 474 

Calibration is a means of measuring reliability or “confidence” of a system’s outputs 475 

(González-Rodríguez et. al., 2007). Rather than simply outputting a likelihood ratio from a 476 

system and assessing whether the value outputs a probability that is in favour of the true label 477 

(based on a test set of data), we can gather a much more proportionate indication of how 478 

accurate outputs are. For example, if a system outputs a score that is in strong support of a 479 

given hypothesis and it turns out that the true value lies with the alternative hypothesis, it is 480 

important to know the extent to which a system does this. In these kinds of instances, we 481 

would want to ‘penalise’ the system heavily and for this to be reflected in an overall measure 482 

of the system’s reliability. Calibration can help us to capture this kind of information (see 483 

Ramos-Castro et. al. (2006)).  484 

 485 

It has been suggested that in a classification task, rather than a recognition task like speaker 486 

recognition (a sort of binary setup), we might want to conduct calibration to account for 487 

multiple hypotheses (i.e. the likelihoods of a speech sample belonging to each of the classes 488 

in our set). Brümmer and Van Leeuwen (2006) offer solutions to the automatic Language 489 

Identification research community, enabling researchers to calibrate scores for a classification 490 

task like this, and indeed, Bahari et. al. (2013) implement such a method on an accent 491 

classification task similar to the one presented in this paper. It is proposed here that we 492 

continue to use the binary setup that is associated with speaker recognition problems. This is 493 

because we perceive this configuration as more applicable to forensic applications, the 494 

original intended application for the Y-ACCDIST system, and allows us to explore the more 495 

“open-set” type of question, rather than just a “closed-set” question.  496 

 497 
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The experiments presented in this paper make use of pool adjacent violators (PAV) 498 

calibration (as outlined by Brümmer (2007))5. Other calibration methods exist. A more 499 

common option would be to use logistic regression (e.g. Morrison (2013)), but the 500 

distribution of scores from the Y-ACCDIST-SVM system is more suited to a non-parametric 501 

method of calibration. As a result, PAV calibration has been selected to produce the 502 

likelihood ratios in these experiments. PAV calibration essentially “bins” the scores into 503 

ordered score categories, allowing us to work with proportions within a set of probabilities, 504 

rather than the raw values that do not necessarily reflect a linear scale. To conduct 505 

calibration, an additional partition of data is needed to develop the system in this way. This is 506 

described further below. 507 

 508 

To observe system performance using hard decisions, the simple measure of % correct is 509 

used in the current work. To observe system performance using soft decisions, measures that 510 

are standardly used in speaker recognition research are used: Equal Error Rate (EER) and 511 

Log-likelihood-ratio Cost Function (Cllr).  512 

 513 

3.6 Experimental Setup 514 

A leave-one-out cross-validation configuration has been implemented for these initial 515 

experiments, where one speaker is removed from the dataset and reserved as a test speaker, 516 

while the rest of the speakers are used to train the system. This setup allows us to maximise 517 

the amount of data available to train the system. First, we will present different segmental 518 

settings, looking at different combinations of vowels-only and all-phonemes settings with and 519 

without filled pause segments.  520 

 521 

4.  Results and Analysis 522 

The results are presented in two parts to first reflect the closed-set type of question (hard 523 

decision) and then the open-set type of question (soft decision). 524 

 525 

4.1 Accent recognition as a classification problem 526 

The following results demonstrated Y-ACCDIST’s performance on the seven-way task in 527 

terms of a ‘forced-choice’ classification through % correct as the performance measure. 528 

Results are presented where different segmental settings have been in place. In previous 529 

ACCDIST-based research, vowel segments have often been favoured, while some other work 530 

has also included consonants (as discussed in Section 2).  Table 1 presents results where only 531 

vowel segments have been used to model accents, as well as results where the whole 532 

phoneme inventory has been used. We also take advantage of the automatic speech 533 

recognition system’s outputs and present results that include filled pauses as a separate 534 

segmental variable. Tables 2-5 show the accompanying confusion matrices for each 535 

segmental setting in turn. 536 

 537 

Segmental setting % Correct 

Vowels-only 45.0 

All-phonemes 60.4 

Vowels-only plus filled pauses 48.1 

All-phonemes plus filled pauses 62.6 

Table 1: Y-ACCDIST classification rates on the seven-way non-native accent recognition 538 

task using different segmental settings (chance rate = 14.3% correct). 539 

 
5 PAV calibration in these experiments were implemented through a MATLAB script written by Daniel Ramos-

Castro. 
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 540 

Accent Ara. Ben. Chn. Eng. Far. Spa. Rus. 

Ara. 40 11 6 9 6 17 11 

Ben. 5 61 10 3 10 5 6 

Chn. 6 14 41 7 12 12 8 

Eng. 8 1 4 53 10 14 10 

Far. 9 16 11 11 37 9 7 

Spa. 12 9 7 11 9 45 17 

Rus. 13 4 15 13 5 12 38 

 541 

Table 2: Confusion matrix of the Y-ACCDIST non-native classification experiment using the 542 

vowels-only setting. 543 

 544 

 545 

Accent Ara. Ben. Chn. Eng. Far. Spa. Rus. 

Ara. 58 7 9 1 8 5 12 

Ben. 7 73 4 1 8 4 3 

Chn. 5 3 60 8 6 10 8 

Eng. 7 3 8 54 7 12 9 

Far. 5 4 4 11 62 6 8 

Spa. 5 4 6 14 4 60 7 

Rus. 8 1 5 15 6 9 56 

 546 

Table 3: Confusion matrix of the Y-ACCDIST non-native classification experiment using the 547 

all-phonemes setting. 548 

 549 

 550 

Accent Ara. Ben. Chn. Eng. Far. Spa. Rus. 

Ara. 46 5 9 3 9 13 15 

Ben. 4 72 7 2 7 1 7 

Chn. 6 10 42 7 16 7 12 

Eng. 5 3 6 49 13 11 13 

Far. 10 15 13 13 35 12 2 

Spa. 6 5 6 15 8 54 6 

Rus. 13 5 13 17 5 8 39 

 551 

Table 4: Confusion matrix of the Y-ACCDIST non-native classification experiment using the 552 

vowels-only plus filled pauses setting. 553 

 554 

 555 

 556 

 557 

 558 

 559 

 560 

 561 

 562 

 563 

 564 
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 565 

Accent Ara. Ben. Chn. Eng. Far. Spa. Rus. 

Ara. 60 8 6 3 9 2 12 

Ben. 7 76 5 1 6 3 2 

Chn. 5 5 62 6 3 11 8 

Eng. 7 3 7 57 6 12 8 

Far. 5 6 4 11 63 5 6 

Spa. 9 3 4 10 7 59 8 

Rus. 5 3 5 10 7 8 61 

 566 

Table 5: Confusion matrix of the Y-ACCDIST non-native classification experiment using the 567 

all-phonemes plus filled pauses setting. 568 

 569 

The results above uncover two main findings and some initial interesting observations with 570 

regards to the contents of the confusion matrices. Looking at such details can promote the 571 

system’s explainability. 572 

 573 

The first main finding is that the all-phonemes setting outperforms the vowels-only setting. In 574 

past works that have tested variants of the Y-ACCDIST system, this has not always been the 575 

case (Brown, 2017). When testing it on a smaller corpus of geographically-proximal accents 576 

(where there is an expected increase in similarity between the varieties in the dataset), the 577 

vowels-only setting yielded a higher recognition rate than the all-phonemes setting. When 578 

applying the same segmental settings to another corpus where the accent varieties are 579 

expected to be more different from one another, the all-phonemes setting outperforms the 580 

vowels-only setting (i.e. a larger Y-ACCDIST matrix seems to be more effective than a 581 

smaller Y-ACCDIST matrix in this particular task). In an accent recognition task that 582 

involves more similar accents, we can expect that fewer segments will contribute to the task, 583 

and so the vowels-only setting might exclude more features that do not help with accent 584 

discrimination. In the case of the NIST dataset used in the experiments in this paper, it seems 585 

that there are a larger number of segments that help to distinguish between these particular 586 

varieties. There are also issues to consider in relation to how the inclusion of consonants may 587 

have an impact on the explainability of the system. For example, we do not necessarily know 588 

what the distance between /t/ and /æ/ might contribute, unlike the distance between /ɑ/ and 589 

/æ/. Such points are considered further below within a wider discussion of the Y-ACCDIST 590 

system’s explainability. 591 

 592 

The second key finding is that including the filled pause segments in the accent models seems 593 

to yield a slight improvement on performance. The overall best performance is a combination 594 

of all phonemes, plus filled pauses with a result of 62.6% correct6. As already pointed out 595 

above, among the forensic phonetics research there is some interest in establishing whether 596 

filled pauses carry acoustic information that can discriminate speakers. There has also been 597 

some work that looks at how filled pause production can be characteristic of whole languages 598 

(de Leeuw, 2007). Even within bilingual speakers, Lo (2020) found that there were 599 

distinctive language-specific pausing behaviour between two different languages. Given that 600 

 
6 Recall from Section 3.3 that different distance metrics were trialled in the modelling of speakers’ accents. 

Under this same segmental configuration, but replacing cosine distance with Euclidean distance, the system 

achieves 54.4% correct. This could be because of the cosine distance’s apparent suitability to imbalanced data 

samples (in this case, spontaneous speech samples), compared with Euclidean distance. This would explain why 

the Euclidean distance has been a better metric on more controlled data (read speech samples) in past 

experiments. 
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the classification task in this paper is to identify the first language of the speakers, it is 601 

unsurprising to find that filled pauses seem to make some contribution towards the increased 602 

success rate of this system.  603 

 604 

It is possible to make some remarks in relation to the classifications and misclassifications of 605 

the specific accent varieties included in these experiments to speculate about whether the 606 

system is performing in an expected way. Taking Table 5, which is the confusion matrix 607 

attached to the highest-performing system configuration, it is possible to make some tentative 608 

observations with regards to some of the higher rates of misclassification. Among English, 609 

Spanish and Russian, it seems that there is some degree of consistency in the higher number 610 

of misclassifications among these non-native accents. For example, English speakers are 611 

misclassified as speakers with Spanish as a first language on 12 occasions, while Spanish 612 

speakers are misclassified as native English speakers on 10 occasions. Similarly high 613 

misclassifications (in both directions) occur among English, Spanish and Russian in all 614 

permutations. Although, with these numbers, it is right to be cautious, the level of confusion 615 

among these three particular accent groups could reflect their relative similarity among this 616 

particular accent dataset. English, Russian and Spanish fall towards the European side of the 617 

Indo-European language family. While this does not necessarily point towards greater 618 

linguistic similarity in their modern forms, it may have some influence on their overall 619 

similarity as a group of languages, and therefore an increase in their overall similarity in the 620 

spoken production of English. 621 

 622 

Although potentially interesting patterning has emerged in the confusion matrix, it is right to 623 

be cautious in these particular experiments. As automatically-derived transcriptions have 624 

been used, it is quite possible that some of the accents are more susceptible to speech 625 

recognition errors than others. Such a trend in accent-specific speech recognition errors is 626 

well-documented (e.g. Vergyri et. al., 2010). These errors could then contribute to overall 627 

differences in performance between the different accent categories. With the information and 628 

data available, it is not possible to derive the exact effect this has on the confusion matrix 629 

above, but it is certainly worth keeping in mind during the interpretation of these results. 630 

 631 

It is possible to take a closer look at individual test speakers to shed light on the detail of 632 

what information the system may be using to carry out its classifications. Doing so can 633 

enable us to go further to address this paper’s key theme of system explainability, reinforcing 634 

the advantages of using a Y-ACCDIST-based modelling method over others. In a similar way 635 

to Ferragne et. al. (2019), we can focus on the classification of an individual test speaker in 636 

order to speculate on the inner workings of this particular classification system, gathering an 637 

indication of which features (pairwise distances) are contributing to a classification. To do 638 

this, we have taken one speaker that was incorrectly classified as a test case. We have then 639 

plotted that speaker’s Y-ACCDIST matrix distances against the average Y-ACCDIST matrix 640 

distances that can represent the category the speaker should have been classified as. A plot 641 

like this should reveal the segmental pairs that are most dissimilar from its category’s average 642 

Y-ACCDIST matrix, therefore exposing which segmental pairwise distances are likely to 643 

have been responsible for the incorrect classification. In the example demonstrated in Figure 644 

3, the speaker’s L1, in truth, is English, but was incorrectly classified as a speaker whose L1 645 

is Mandarin Chinese.  646 

 647 

 648 

 649 
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 650 
 651 

Figure 3: An incorrectly classified test speaker matrix (with an English L1), that was 652 

incorrectly classified as a speaker with Chinese as their L1, plotted against the corresponding 653 

pairwise segmental distances of the average English Y-ACCDIST matrix. The green and 654 

purple colours have been included to assist with the accompanying discussion. 655 

 656 

While inspecting this scatterplot, we are interested in the segmental pairs that deviate most 657 

from the straight line, as these are expected to have contributed most to the incorrect 658 

classification. Among the observations, two specific segments seem to stand out as 659 

repeatedly deviating from the straight line as part of a number of different segmental pairwise 660 

combinations. In this particular case, these segments are symbolised by ‘CH’ (/tʃ/) and ‘SH’ 661 

(/ʃ/). For a clearer viewing of the pairwise distances concerned, those that include the CH 662 

segment are highlighted in purple, and those that include the SH segment are highlighted in 663 

green.  664 

 665 

Because these two segments are repeatedly deviating from the straight line, we can 666 

reasonably expect that these two segments are at least partly responsible for the speaker’s 667 

misclassification. It could be that the speaker's CH and SH segments are not particularly 668 

typical of a speaker with English as an L1. There could be other factors that are feeding in to 669 

the performance, for example the frequencies that that the different segments occur in a 670 

speech sample. The interaction of these sorts of factors are further discussed, while 671 

continuing to refer to Figure 3, in the Discussion in Section 5.1. 672 

 673 

4.2 Accent recognition as a verification problem 674 

As stated further above, for calibration to take place an additional partition of data is 675 

required, not just one training set and a test set, which is effectively what was in place for the 676 

hard-decision results. We have therefore altered the training setup from the relatively 677 

straightforward leave-one-out cross-validation configuration implemented above. For the 678 

soft-decision experiments, 80 randomly-selected speakers per accent group have been used to 679 
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train the Y-ACCDIST system. The remaining 20 speakers per accent (totalling 140 speakers) 680 

are used as calibration data. To generate the test trials, the 80 speakers per accent group are 681 

used in a leave-one-out cross-validation setup to test the system. Scores could then be 682 

computed based on the distance between the test speaker and the hyperplane/optimal margin 683 

formed for each accent class in the dataset – these scores are expected to express degree of 684 

similarity between a speaker and an accent class. As only 80 speakers have been used in the 685 

training dataset for these experiments, a lower number of speakers have therefore been used 686 

to train this verification system, compared to the classification system. This naturally might 687 

mean a reduced overall recognition rate compared to the hard-decision experiments presented 688 

above, because this data reduction might lead to weaker accent representations in the SVM. 689 

We therefore also present a hard-decision result where we only use 80 speakers per accent 690 

group for training to compare with the performance reported above. The following results in 691 

Table 6 are based on the segmental setting that yielded the best performance in the hard 692 

decision tasks, all-phonemes plus filled pauses. 693 

 694 

Performance measure Result 

% Correct 61.4 

Equal Error Rate (EER) 19.0 

Cllr 0.6316 

Cmin 0.6053 

Ccal 0.0263 

 695 

Table 6: Performance evaluation of the Y-ACCDIST-SVM non-native accent recognition 696 

task, having incorporated calibration. 697 

 698 

 699 

It can be seen that Cllr is in agreement with the EER metric, be it far from 0 cost due to the 700 

rather high error rate, but indicating that informative logLRs are obtained (Cllr < 1). 701 

Furthermore, those logLRs are reliable as the cost is close to its minimum possible for that 702 

discriminating capability (low Ccal = Cllr - Cmin). 703 

 704 

4.2.1 Tippett plot 705 

Below in Figure 3 is a Tippett plot that allows us to inspect the distribution of likelihood 706 

ratios outputted by the system7. The plot consists of two lines to represent the performance of 707 

a single system: one line to represent same-accent likelihood ratios and the other to represent 708 

different-accent likelihood ratios. The same-accent line in the plot (the blue line) represents 709 

the cumulative proportion of the likelihood ratios that are smaller than the likelihood ratio 710 

marked on the x-axis, whereas the different-accent line (the red line) represents the 711 

cumulative proportion of likelihood ratios that are greater than the likelihood ratio marked on 712 

the x-axis.  713 

 
7 This Tippett plot was generated using a MATLAB script developed and made available by Geoffrey Morrison. 

See: http://geoff-morrison.net. 
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 714 
Figure 4: Tippett plot of the log-likelihood ratios generated from the Y-ACCDIST-SVM 715 

system after PAV calibration. The red line represents the different-accent proportion of log-716 

LRs, while the blue line represents the same-accent proportion. 717 

 718 

The stepwise nature of these lines is not typically seen so vividly in Tippett plots. This is a 719 

result of the non-parametric PAV calibration method that we used, in combination with a 720 

relatively small test set (compared to speaker recognition experiments, where we usually find 721 

Tippett plots). The points at which these two lines cross the vertical 0 line are of some 722 

interest. This shows us the proportion of these scores that reflect a value that supports the 723 

alternative hypothesis (i.e. the errors). Decomposing these, the point at which the same-724 

accent line crosses 0 into the negative values shows the proportion of “false misses” the 725 

system makes, whereas the point at which the different-accent line crosses 0 indicates the 726 

proportion of these scores that we classify as “false hits”.  727 

 728 

5. Discussion 729 

This paper has presented the performance of an automatic accent recognition system, that is 730 

proposed to be a more explainable alternative to other accent recognition and classification 731 

technologies. There are therefore two key aspects of the system to discuss in this section. 732 

This discussion will first start by further discussing system explainability, this time in light of 733 

the findings above. It will then move on to talk about the system’s performance, as this is of 734 

course a vital factor when considering a system for any context. 735 

 736 

5.1 Further explaining the inner workings of Y-ACCDIST 737 

Explainability makes a system a more attractive prospect for applications like forensic ones.  738 

The end of Section 4.1 took a closer look at the features that were likely to contribute to the 739 

misclassification of a misclassified speaker, allowing a more detailed explanation of that 740 

specific error. In Section 4.1’s example, a speaker with English as their L1 was mistaken for 741 

a speaker whose L1 is Mandarin Chinese. An inspection of Figure 3 suggested that the ‘CH’ 742 
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and ‘SH’ segments may be partly responsible. Of course, this does provide a detailed 743 

explanation (i.e. about the precise phonetic nature of these segments that has led to this 744 

specific error), but identifying these particular segments as likely contributors to the 745 

misclassification can allow us to make further suggestions as to how the system may be 746 

operating, or how the system responds to the data. Having observed which segments were 747 

‘misaligned’ in Figure 3, we can now put forward three different suggestions: the first 748 

suggestion relates to the phonetic realisation of the segments in question, the second 749 

suggestion relates to the recording conditions, and the third suggestion refers to the frequency 750 

of these segments. Starting with the first suggestion, it could be that this English speaker may 751 

produce retracted realisations of these particular segments, with the tongue tip positioned 752 

further back in the oral cavity. In a perceptual study, Lan (2020) showed how native 753 

Mandarin Chinese speakers are most likely to map the English /tʃ/ and /ʃ/ to the Chinese 754 

sounds, /tɕ/ and /ʂ/, respectively. As Lan (2020) points out, perceptual similarity can map on 755 

to phonetic similarity and so it could be that more retracted fricative and affricate realisations 756 

are characteristic of the Chinese accent models in our system. Slight realisational differences 757 

in this particular speaker’s productions of the affricate and fricative could have resulted in the 758 

contents of this speaker’s Y-ACCDIST matrix sharing a greater degree of similarity with the 759 

matrices of native Mandarin Chinese speakers than the matrices of native English speakers. 760 

 761 

As an alternative (second) suggestion, it is possible that the ‘CH’ and ‘SH’ segments might 762 

be particularly problematic in these particular data as they are telephone-transmitted 763 

recordings, meaning that the higher frequencies of the spectrum are lost. Fricatives and 764 

affricates tend to be characterised in the higher frequencies of the spectrum. As a result, these 765 

segments may not be acoustically well represented and may subsequently present instability 766 

to a speaker's Y-ACCDIST matrix. Having inspected the equivalent scatterplots for other 767 

speakers, however, this does not appear to be a pattern that consistently occurs (and we 768 

would expect this to be the case if this explanation applied), therefore this is not necessarily 769 

the reason for these segments to arise as features responsible for the misclassification of this 770 

speaker. 771 

 772 

We also acknowledge that there is also the interaction of a segment’s frequency (i.e. how 773 

often tokens of a segment occur in speech). This factor's influence on Y-ACCDIST accent 774 

classification was more comprehensively explored in Brown (2017) and Brown (2018). /tʃ/ is 775 

a very infrequent phoneme in English. /ʃ/ is not as infrequent but is still a relatively 776 

infrequent phoneme in English. As discussed in previous work, we might expect that more 777 

infrequent segments would naturally incur less stable average representations in the Y-778 

ACCDIST matrix, and therefore present a greater misclassification risk.  779 

 780 

It is plausible that a combination of the above reasons (differences in phonetic realisation, the 781 

consequences of the recording conditions and the segmental frequencies) are all playing a 782 

role in the incorrect classification of this particular speaker. As we present a range of reasons, 783 

it could be argued that we are no closer to explaining the system’s inner mechanisms. 784 

Ultimately, however, Figure 3 points towards parts of the speech signal that are very likely to 785 

be contributing towards correct and incorrect classifications. This indication has enabled us to 786 

offer further detailed reasons for these patterns. Without being able to observe the 787 

contribution of individual segments in the way that the Y-ACCDIST system allows, we 788 

would not be able to put forward any of these suggestions for a further detailed investigation. 789 

We would not be able to make such suggestions in relation to systems that are not 790 

segmentally informed. 791 

 792 
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Figure 3 may be simultaneously offering an argument to exclude consonants from our Y-793 

ACCDIST matrices. It seems that in the above test case, certain consonants are likely to have 794 

been responsible for an error. This is not to say that these consonants are responsible for all 795 

of the system’s errors, and when we compare the results generated from including and 796 

excluding consonants, they seem to bring about a performance benefit overall. It could also 797 

be argued that including the consonants could be diminishing the overall explainability of the 798 

system as we perhaps do not understand in as much detail what the distance between ‘CH’ 799 

and ‘AE’ might contribute, compared to the distance between ‘AA’ and ‘AE’. The fact that 800 

‘CH’ repeatedly emerged within segmental pairs that seemed to be distancing the particular 801 

test speaker from its correct category suggests that it is something to do with ‘CH’ as an 802 

individual segment, rather than the individual pair combinations, that is contributing to the 803 

overall classification outcomes. It is also plausible that individual consonant segments can 804 

repeatedly emerge in pairs that contribute to successful classifications. Although the 805 

individual segments form pairs in our Y-ACCDIST models, it seems that they also make 806 

individual contributions to the classifications which make for achievable explanations. 807 

 808 

5.2 The performance of Y-ACCDIST 809 

This paper has devoted a lot of attention to a system’s explainability, but performance is also 810 

obviously a key factor in implementing systems and indeed in deciding whether a system 811 

should be implemented at all. The remainder of the Discussion section therefore places the 812 

performance results reported in this paper in the broader context of automatic accent 813 

recognition, and points towards other relevant performance considerations.  814 

 815 

A valid criticism of the current work is that these experiments have not allowed for Y-816 

ACCDIST’s performance to be directly compared with the performance of other systems 817 

because a dataset has been used that is not typically used for accent classification purposes8. 818 

There are indeed corpora in existence that have been more widely tested by other accent 819 

classification researchers, and this is perhaps a research design decision that the authors 820 

would change if they were to carry out the study again. Having said that, drawing on the 821 

relevant literature that reports on other attempts to automatically classify speakers according 822 

to their first language, the system’s performance generally seems to be in line with 823 

performances reported elsewhere. The INTERSPEECH 2016 Computational Paralinguistics 824 

Challenge (Schüller et. al., 2016) provided developers with the opportunity to showcase their 825 

automatic classification techniques on a large dataset of speech recordings from non-native 826 

speakers of English. The dataset provided researchers to run classification experiments on a 827 

dataset consisting of 11 classes of non-native accents of English, and hundreds of speakers 828 

per class. Huckvale (2016) presents his results on this dataset using a number of different 829 

systems based on Gaussian Mixture Models and Support Vector Machines. The highest 830 

performance reported was an accuracy of 69.8%. 831 

 832 

While there are similarities between the data used in Huckvale’s (2016) experiments and 833 

those presented in the current work, there are also differences. One difference is that there 834 

were more accent categories available for classification which makes the problem more 835 

difficult (i.e. it creates more opportunities for misclassification). Another difference is the 836 

amount of data available for training. There were many more speech samples per accent 837 

group that were used to train the system in Huckvale (2016) than there were in the 838 

experiments presented here. This is an additional consideration to keep in mind. 839 

 840 

 
8 Such a comparison on a different dataset was carried out in Brown (2016), however. 
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 841 

We also cannot assume that the quality of the dataset used in the above work was the same as 842 

the NIST subset used for the current work. We have already indicated further above that the 843 

NIST data used in this work is not necessarily the most reliable, which could also impact on a 844 

difference in performance between similar works. If one dataset is labelled more accurately 845 

than another, less noise is present in the data used to train the accent recognition models. In 846 

attempt to set the performance result in the context of an accent classification study that used 847 

a similar subset that was also extracted from the NIST collections, we can compare the 848 

results generated in this work with that of Bahari et. al. (2013). In their experiments, they also 849 

used NIST SRE datasets (speech samples taken from SRE challenges that took place between 850 

2004 and 2008). In a similar way to the experiments presented here, they aimed to classify 851 

speakers according to their first language, based on their production of English. However, 852 

they had a different and smaller set of accent groups (and a smaller number of speakers per 853 

accent group, ranging from 32 to 84). They used five accent groups which were Russian, 854 

Hindi, US English, Thai and Vietnamese-Cantonese. The best-performing system 855 

configuration used the i-vector modelling technique, and they reported a result of 58% 856 

correct on this five-way classification task. While this result is not directly comparable, it 857 

suggests that the result produced by the Y-ACCDIST system is generally in line with other 858 

types of accent classification system on a similar task. 859 

 860 

One thing that we have looked at that has moved the work here away from other accent 861 

recognition and language identification work is to extract an open-set style of decision output 862 

from the system, rather than bind the system to a closed-set type of task. To do this, we used 863 

the remaining accents in the database to collectively represent the “different-source” scores. 864 

This connects with the idea behind “relevant population” that is used to produce different-865 

source scores in speaker recognition research. Within forensic speaker comparison research, 866 

there has been some work to look at what is meant by a “relevant population” Hughes and 867 

Foulkes (2015). They investigated how selecting different datasets that form an estimation of 868 

typicality (i.e. the denominator of the likelihood ratio formula) can affect the resulting 869 

likelihood ratio from an analysis. Ideally, we need to use reference data that are similar to the 870 

speech samples being analysed (for example, to match them in terms of speaker sex, accent, 871 

etc.). Among their findings, Hughes and Foulkes found that when a mismatched dataset is 872 

used to make speaker comparisons, we tend to produce weaker results in support of the 873 

defence hypothesis. There are also questions surrounding the size of the reference database 874 

and what number of speakers is sufficient to conduct a comparison. These kinds of problems 875 

also transfer to the problem of accent recognition when applying the likelihood ratio 876 

framework. Perhaps using the other accents in the NIST dataset was not a suitable choice. We 877 

should look further into the nature of the “relevant population” we use to compute the LRs 878 

for accent recognition (i.e. how many different accents we should include, etc.). 879 

 880 

Another aspect to test that would be of interest to forensic applications is to test the Y-881 

ACCDIST system’s performance on recordings produced in mismatched conditions. All the 882 

recordings used in these experiments were telephone conversations. It is expected that this 883 

matrix forms a simple, but robust, model of an individual’s accent. Because these are intra-884 

recording calculations, without any reliance on external models, it is expected that the model 885 

logs only segmental differences with minimal interference from characteristics of voice 886 

quality or the channel. It is reasonable to hypothesise that a modelling method of this sort 887 

could provide a good way of overcoming minor channel mismatches. In this regard, it would 888 

be of interest to conduct experiments to assess the effects of channel mismatch on this 889 

modelling method. It could, of course, be the case that the Y-ACCDIST system is less robust 890 
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to other kinds of mismatch (in instances of speech accommodation or disguise, for example). 891 

It would be of interest to test different types of recording mismatch on the Y-ACCDIST 892 

system in this way. 893 

 894 

One minor aspect of performance that has arisen as a result of this work lies in the choice of 895 

distance metric in the construction of the Y-ACCDIST matrices. In Section 4.1, we pointed 896 

out that in one segmental configuration using cosine distance to compute the Y-ACCDIST 897 

matrices, the system produced a result of 62.6% correct. However, when we exchanged 898 

cosine distance for Euclidean distance, a lower result of 54.4% correct was achieved. The 899 

contrast between Euclidean distance and cosine distance is often referred to in the context of 900 

text classification, where texts are represented as vectors and are then broadly compared with 901 

one another using a metric. The advantage of cosine similarity is that it does not take into 902 

account the magnitude of a vector and is a way of normalising the length of documents 903 

Kataria and Singh (2013). Cosine distance takes into account the relative orientation of 904 

vectors, rather than the magnitude, unlike Euclidean distance. This may explain the 905 

difference in performance that we witnessed between the two metrics in these experiments. 906 

 907 

Finally, there is an additional advantage to a segmentally-informed system of the sort 908 

presented here that was beyond the scope of this particular paper. Not only does the 909 

segmental information bring about more explainability, but it is also a lower-resource 910 

solution to the accent recognition problem. In the context of forensic applications where the 911 

set of accents we wish to distinguish between or recognise is expected to change, a solution 912 

that requires a smaller dataset for training is more desirable. This is because accessing 913 

enough data to train a system that relies much more heavily on machine learning can be 914 

extremely challenging. It has been implied in past work Brown (2016) that segmentally-915 

informed approaches require a lot less data. Another study would be required to explore the 916 

precise detail of this hypothesis. 917 

 918 

6. Conclusion 919 

This paper has demonstrated the performance of a segmentally-informed, linguistically-920 

motivated and more explainable automatic accent recognition system. It seems that the Y-921 

ACCDIST system is able to perform generally in line with the performances demonstrated by 922 

other systems that have been used to classify speakers according to non-native accent groups. 923 

In addition, however, we were able take a close-up look at specific errors that the system 924 

made, and in turn demonstrate the detail of that error. This opened up further explanations 925 

around how this particular system is operating and how it is making its classifications. We 926 

make the point that the ability to do this is important to forensic applications. Overall, the 927 

advantage of using an alternative segmentally-informed approach is that the inner workings 928 

are more explainable and accountable, which are key traits when it comes to the 929 

administration of justice. 930 
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