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[bookmark: _Toc113485270]Abstract

It is considered that speech analysis can support the classification of respiratory disease such as Chronic Obstructive Pulmonary Disease (COPD). The initial and crucial step to speech analysis is the segmentation of a waveform and time alignment of the words and phones to that waveform. Forced alignment is a common practice within the field to automatically segment and align an orthographic transcription to a speech waveform.
This study has sought to experiment with selected forced alignment tools available through open source and evaluate them for use within the feature extraction pipeline for classifying COPD. A literature review has been carried out, firstly on current study into respiratory disease and the use of artificial intelligence and machine learning towards this. Secondly on methods of alignment and models commonly used within the field such as Gaussian Mixture models (GMM) Hidden Markov Models (HMM), neural networks and their use within alignment tools. Thirdly a review of the tools currently and previously available has been conducted. Secondly two aligners have been selected for experimentation and evaluation towards the use of the tools within a larger project.
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1.0 [bookmark: _Toc113485271]Introduction

Chronic Obstructive Pulmonary Disease (COPD) is a group of lung conditions affecting the airways, causing them to narrow. It is a complex progressive pathological representation of inflammation of the lungs. This in turn makes it harder to breath out causing air to get trapped in the chest. Two of these conditions are bronchitis and emphysema. These conditions make it harder to move the air in and out of the lungs meaning it is difficult for the lungs to take in oxygen and expel carbon dioxide. Causes can be common, such as long term damage to the lungs through breathing in harmful substances such as fumes, dust or chemicals. It becomes more likely that COPD will be developed in adults who smoke or who had chest problems when younger. [1] [2] Common symptoms such as chronic coughing, wheezing, expectoration and dyspnea present themselves as a result. [3]
As a condition, it is often misdiagnosed for conditions such as asthma, or underdiagnosed. As the condition is on the increase, diagnosis and analysing the progress of COPD needs to improve, in turn, addressing the issue of historic  underdiagnosis with more accurate recognition. [4] It is considered that, with the COVID-19 pandemic, the condition is impacted as there is purported to be a relationship between the two. [5] A timely and more accurate diagnosis would initiate therapies that could delay progression and reduce the risk of exacerbation. [6] [7]
As a result, seeing as the airways and breathing affect the voice and vocals, it presents an opportunity to decipher COPD through speech, using the voice as a biomarker as proposed by Khan et al [8], and observed by Farrus et al [9], asserting that the features within the speech of patients suffering from respiratory diseases are affected, with attention given to the parameters of frequencies and voice quality.
An holistic approach is needed to create a pipeline of features in order to determine any affect to the speech and in turn the presence of a disease such as COPD. It is considered that the first step is the analysis of the speech waveform through segmentation and alignment.
Automatic segmentation and alignment, also known as forced alignment, has been used within the machine learning arena for automated speech recognition (ASR) since the 1970’s. More recently, it has been used for research in phonetics since the 1990’s. Technology growth has made this far more accessible with the growing amount of multimedia and  the development of storage that allows the multimedia recordings to be archived. This facilitates the ability to train algorithms to be able to align segments of a soundwave with the corresponding transcription to an accurate degree, at word, syllable or phoneme level. [10]
[bookmark: _Toc113485272]1.1	Aim
[bookmark: _Hlk113477292]The aim of this study is to evaluate the current phonetic forced alignment tools and test and compare a selection of them in order to use one to conduct automatic segmentation and alignment within a pipeline for feature extraction towards determining COPD from speech.
[bookmark: _Toc113485273]1.2	Objectives
	To complete the above aim three objectives have been set:
1. Rigorously investigate current methods for automatic segmentation and alignment for use within speech analysis and research.
An thorough literature review will be conducted in Section 2 researching the current work within the field and a systematic assessment of the current measures, tools and application will be presented.
2. Experiment and test selected alignment tools used for automated segmentation and forced alignment of phonemes, syllables and words within a speech utterance.
Section three will present the methodology to the testing and experimentation of the selected alignment tools for evaluation and comparison using a sample of specific data and voice recordings towards the holistic goal of research of COPD. 
3. Analise and critically evaluate the results from testing the selected alignment tools for accuracy of segmentation.
The last part of this study will be the evaluation of the tools, measuring and comparing them against the metrics as laid out in the results, and to understand the alignment process. The evaluation will also establish a view on usability of the selected tools, and if there is a tool suitable for the greater feature extraction pipeline towards the overall model to be trained to determine COPD.

[bookmark: _Toc113485274]2.0	Literature Review: Artificial Intelligence and Voice Analysis towards the recognition of COPD

It is considered that the analysis of voice through artificial intelligence and machine learning could allow the prediction and monitoring of pulmonary function. In a most recent research study with a focus to monitoring Asthma, Alam et al [11] conclude that their approaches using machine learning can use recorded voice files to predict lung function impairment, producing results between 73.2% and 85% accuracy between multi-class and binary classifications, concurring with Farrus et al [9] that there is an effect on acoustic speech features within people suffering from respiratory disease that can be monitored through prosodic parameters as well as low level acoustic features. It is hypothesized that there is vulnerability to change in the prosodic features. It is suggested that a stressed speech production after physical exertion can affect speech due to air pressure and oral air flow.  Greenberger and Grammer [12] go further to say there is an affect through loss of forced expiratory volume leading to vocal chord disfunction whilst Mohamed and El maghary [13] specifically discuss dysphonia, otherwise known as hoarseness within COPD sufferers. Dysphonia presents as high jitter percentage, high shimmer percentage and low fundamental frequency, all be it that this is multi-factorial and in part due to medication taken. Further the paper discusses other changes to the vocal quality including pitch changes and inflammation to the vocal folds.
Kutor et al [14] expand on this, describing how speech production involves the vibration of vocal chords and changes occur when lung airways, being part of the vocal tract, are inflamed. It was suggested that harmonics-to-noise ratio, especially within vowels, specifically /e:/ showed signs of being a suitable marker within speech for recognising asthma, which by association may recognise COPD.

[bookmark: _Toc113485275]2.1	Processing, Segmentation and Analysis of Speech
Whilst, as Rabiner and Shafer purport [15], the purpose of speech is to communicate the transmission of messages, there is much more information, or data, that can be taken from the production and transmission of speech. Consequently it is important to understand how vocal soundwaves are produced and transmitted for communication, and how they are perceived once transmitted.
The production and transmission, as well as the perception of speech, forms a model, proposed by Denes and Pinson [16], as the Speech Chain, as seen in Figure 1. The model details the ability of speech waveforms to be coded and transmitted in analogue. This takes place through a sequence of quantifiable symbols that can be measured in bits and can be transmitted in a rate of bits per second (bps) through the production and transmission stages.
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Figure 1 - The Speech Chain [17]

The initial production stage formulates the message in text form and implicitly converts it into a sequence of sounds, known as phones, corresponding to the spoken version. This uses the symbolic representation of the sequence of sounds, known as phonemes. Further to the phonetic representation, the intent within the message is shown through stress, emphasis and speed in the speech as well as the duration of the phonemes, known as prosody.
These features are converted into neuro-muscular controls that move the articulators to form the spoken message in syllables and words. These articulators, such as the vocal muscles; velum, tongue, teeth, jaw and lips, are known as the vocal tract system, used to code and transmit the soundwaves, transmitting the waveform through a medium, most commonly the air, to the receiver.
The vocal tract system, as seen in Figure 2 and shown as a linear schematic, is focused on by Rabiner and Shafer [15], and most notably includes representation of the nasal tract, lungs and trachea bronchi as well as the vocal chords and articulators already mentioned. The sounds are created at this point through acoustic excitation when air is expelled from the lungs through the vocal tract, creating frequency pitch.
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Figure 2 - Linear Schematic Diagram of the Vocal Tract System [15]

The transmitted waveform is passed through the medium at a speaking rate, based on the number of symbols transmitted per second. This can be calculated therefore at a rate of data flow in bps as seen in Figure 3. The addition of phoneme and prosody information increase the data flow rate, whilst articulatory control require higher bandwidth. A text message is represented by a continuously varying set of signals that can be transmitted through higher rates of data in order to represent perceptual fidelity and further information transmitted such as accentuation, mannerisms, emotional state and more. Furthermore, through transmission, there may be distortions and noise that may affect the communication message.
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Figure 3 - The Speech Chain - Production, Transmission and Perception [15]
At the perception stage, the receiver, commonly the ear, will decode the transmitted message, creating a spectral representation converted from the waveform, that can be transduced into the distinctive features of the sound allowing the brain to recognize and process them. The processing involves conversion of these features into the phonemes, syllables and words, known as the discreet output, allowing an understanding of the meaning of the transmitted message as seen in Figure 4.
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Figure 4 - Speech Waveform showing Phonetic Labelling [15]

As a result, this model allows the possibility for recording, analysis and manipulation of the data produced and transmitted from speech, including the alignment of phonemes, syllables and words to the speech waveform. This is a form of Digital Signal Processing (DSP) , specifically Speech Processing.
Speech processing in the main facilitates applications such as; speech coding, Automatic Speech Recognition (ASR), allowing Speech-To-Text, speech synthesis, allowing Text-To-Speech (TTS), speech enhancement and noise reduction or cancellation, and voice verification for identification.
In order to extract the data from the speech waveform, the waveform needs to be analysed and manipulated. Whilst it is reasonably trivial to be able to identify voiced and unvoiced sections from a waveform, three primary parameters can be processed and extracted; Energy, or the amplitude variance to the speech signal; Zero Cross Count (ZCC), how many times the speech wave crosses the zero line; and Pitch Period. These are better measured in short time, splitting the speech signal into frames of ten to twenty milliseconds and using a window function. [18]
As Sakran et al [19] suggest, the primary step in any voice activated system is segmentation. This is also true for extraction, analysis and manipulation of the data held within the continuous speech signal. Al-Manie et al [20] consider segmentation to be an important sub-problem within speech analysis and research. Sakran et al [19] go on to define speech segmentation as finding the limits between words, syllables and phonemes in the natural spoken language, in concurrence with Makowski and Hossa [21] who describe segmentation as
“the process of dividing a speech signal into discrete, non-overlapping fragments.”
The paper goes on to suggest that the term is used in reference to dividing the speech signal into frames for parameterization.
[bookmark: _Toc113485276]2.2	Segmentation into Phonemes and Syllables
Svendsen and Soong [22] present three methods for automatic segmentation of speech signals as far back as 1987 using phoneme recognition and phonetic transcription, measuring a coincidence rate through all three methods, establishing that the consistency in segmentation is more important than the “one-to-one correspondence of phonemes”. [22]
Whilst there is a more popular argument for phonological units sized to features or syllables, the phoneme, or phonological forms is argued to be a psychological equivalent of speech sound and central to speech perception. Phonemes are extractable from an acoustic signal, serving as access codes to words. An acoustic signal should possibly be mapped to a sequence of phonemes to access lexical representations [23]. Lee et al [24] go on to say that forced alignment allows the possibility of recognizing speech signals automatically, identifying the onset and offset of speech sounds based on the known sequence of phonemes. It is also considered that the manual method of segmentation of acoustic phonetic sequences is more accurate all be it very time consuming in comparison.
Batra et al [25] discuss the phonation of vowels in order to extract features to measure the difference between healthy and asthmatic subjects as discussed in Section 2.3, demonstrating the importance of phonemes within speech processing.
It is worth noting that there are claimed to be forty four phoneme sounds across the consonants and vowels within the English language: Twenty four consonants and twenty vowels as seen in Table 1. As already observed, it is asserted that the phoneme is the abstraction of the sounds of speech, known as phones. There can be differences between British (BrE), on the Received Pronunciation (RP) basis, and American (AmE), on the General American (GA) basis, however Table 1 is based on a both varieties, being the mainstream. [26]

Table 1 - The Mainstream Approach to the English Phonological System [26]
[image: ]

[bookmark: _Toc113485277]2.3	Further Features within Speech
Yuan et al [10] investigate the use of forced alignment within phonetics research in two separate ways. The first, using forced alignment as a tool for phonetic segmentation, and secondly to investigate speech variation. It is observed that with a growing corpora of transcribed speech due to networking and mass storage, it is becoming easier to vastly create phonetic databases to aide with this. In the first task the monologues were first transcribed and pause fillers were categorised within the transcription. Forced alignment was then used to determine boundaries of both words and pauses or fillers, using a Hidden Markov Model (HMM) known as a tee-model. The second task used forced alignment to investigate phonetic reduction and deletion as well as the reduction of affricates and plosives through extracting utterances, allowing exclusion of background noise.
Yuan and Liberman [27] further investigate the variation in the letter /l:/ in the American English language, measuring the darkness within the letter, and the difference between the letter preceding a consonant or unstressed vowel. This demonstrates the gestural affinity to phonemes and syllables, giving gestural separation within a word or syllable, also suggesting the speaker, sex and dialect variation may play a role in differences to transition and timings.
Whilst Mathad, Mahr et al [28] purport that forced alignment is the most common method of phonetic segmentation, it is recognised that accuracy can be compromised due to susceptibility to errors through acoustic mismatch within the training set of acoustic models and the utterances to be aligned. Moreover, the pronunciation demonstrates a link to other features, affected by the articulators such as nasals and vowel formation. Furthermore, Mathad et al [29] investigate the relationship between consonant-vowel transitions and articulation, purporting that the articulatory movements amplify structural or functional impairments within speech production through acoustic manifestation, such as glottal, pharyngeal and nasal.
Further, Batra et al [25] demonstrate in a study the changes in jitter, shimmer, Harmonic to Noise Ratio (HNR) and Noise to Harmonic Ration (NHR) through phonetic vowel sounds between healthy and asthmatic subjects, demonstrating clear differences within the features.
[bookmark: _Toc113485278]2.4	Prosody
Also important to speech are the intonation units, more commonly known as prosody. Biron et al [30] assert that prosody is the collective term for acoustic cues such as; speech rate, rhythm, pitch, also known as fundamental frequency, volume, intensity, and timbre. Further, prosody conveys unspoken information such as emotion and intent, including linguistic and paralinguistic features such as emphasis, stress, syntactic boundaries and attitude. [31]
As discussed in Section 2.0, it is seen that prosodic features are affected by physical exertion [9] and therefore can be hypothesised that there is a difference to the prosodic features when the vocal tract is under stress. Nathan et al [32] concur that COPD and asthma have an effect on prosodic features such as the shimmer and jitter and go further to say that it affects the pause patterns through both pause time, due to the longer inhalation time for intake of breath, and pause frequency, as breathing difficulties could manifest in more frequent pauses for intake of breath or air. It is therefore right to measure durations of both phonemes, syllables and words, but also the pause time, as well as recording the frequency of these pauses.

[bookmark: _Toc113485279]2.5 	Forced Alignment and Segmentation
It is asserted that Forced Alignment (FA) produces analysable data  with increased speed [33], and therefore more efficiently. Bigi [34] describes alignment as the process of aligning phonetic sounds to speech, in the context of phonetization, representing sound by phonetic signs. In a further paper, Bigi and Meunier [35] goes on to describe the speech segmentation process as a way to identify boundaries within a speech signal, determining the time that these occur. Once there is a transcription, the FA process time aligns and fixes the phonetic sounds with the waveform or speech signal. Sakran et al [19] and Lee et al [24] expand on this definition in saying that the FA process identifies the onset and offset of sounds within speech based on known sequences of phonemes. Manual alignment, as mentioned in Section 2.2 is claimed to be time consuming and burdensome, making it expensive on resources when applied to large corpora, therefore FA has become an important part of speech processing and analysis. Bigi and Meunier [35] also claim that it is necessary to have a knowledge of the phoneme boundaries in order to determine the location of known phonemes. Makowski and Hossa [36] claim that segmentation can also refer to the division of the waveform into frames in readiness for parameterisation, making it an important task, concurred by Sakran et al [19] in saying that segmentation serves other problems within speech analysis such as fabricating and labelling prosodic databases.
It is worth noting here that alignment, in this context FA, and segmentation become interchangeable in definition as alignment timestamps the segments created, whether they be words, syllables or phonemes. [19] [35]

For FA to work efficiently within a supervised environment there must be:

· An audio file of the speech in the form of a speech signal or waveform.
· A transcription of the speech.
· A lexicon of the speech language, defining recognition of the words.
· A word / phoneme dictionary, articulating the pronunciation of a word as a sequence of phonemes.
· An acoustic model such as the widely used Hidden Markov Model (HMM).
[35] [37] [10]
Within their paper Sakran et al [19] define seven methods of automated segmentation or FA, four of the more popular ones are considered, as follows:
[bookmark: _Toc113485280]2.5.1	Wavelet Method
The Wavelet Method was proposed by Ziotko et al [38] whichrecognises the beginning and end of phonemes through Discrete Wavelet Transform (DWT) analysis. This was done analysing DWT subsignals to detect power variation. It was found to be an efficient method.
Ratsameewichai et al [39] The proposed method divides isolated speech into its low and high frequency components through Wavelet Decomposition. The energy contour is then used to detect phoneme boundaries through a heuristic algorithm.
[bookmark: _Toc113485281]2.5.2	Artificial Neural Networks
There are several methods to automatic segmentation using neural networks. Kamarauskas [40] considers two methods. One using perceptron and the other back propagation. These methods use features of the speech signal such as coefficients of linear prediction coding, coefficients of the Fourier transform and cepstral coefficients to distinguish between phonemes.  It was also noted that the start and end points of a word can be set using neural networks, separating voiced and non-voiced frames from noise, with the difficult ability to be able to distinguish between the similar spectrum of non-voiced frames and noise. For this task the Fourier transform (energy density spectrum) coefficients were most suitable. It is noted that the back propagation neural network presented the best error rate for recognition, however this network takes much longer to train.
Suh and Lee [41]consider the phoneme boundary as a form of pattern classification and took a non-linear approach using a Multi-Layer Perceptron (MLP) based neural network. The three parts to the architecture consisted of, firstly, a pre-processor, extracting feature parameters from each speech frame in two stages. Secondly, the MLP consists of one hidden layer and a single node output layer and using a sigmoid activation function. Thirdly, a post-processor deciding phoneme values from the output value of the MLP.
Zhu et al [42] introduce two neural networks based on Wav2Vec2, one being a semi supervised model using contrastive learning and a forward sum loss, the second being a frame classification model, supervised and trained on FA labels. These were found to perform well in comparison to other FA tools and were able to be accelerated using GPU computational power.
The results from these papers were promising, showing a non-linear approach is effective.
[bookmark: _Toc113485282]2.5.3	Hybrid Speech Segmentation Algorithm
Kalamani et al [43] consider features extracted from the waveform across two domains. The first, time domain, produces short time energy analysis to detect voiced and non-voiced sections as well as silence as well as the zero crossing rate, detecting the frequency rate within the signal. The second, frequency domain, produces spectral centroid to indicate the spectrum’s “centre of gravity” position as well as the spectral flux to determine the timbre of the signal.
Kalamani et al [44] go on in a later paper to propose a hybrid algorithm based on these four feature extraction methods, applying a threshold method to detect the word and sub-word boundaries from continuous speech. It was found that a combination of the short time energy and the spectral centroid presented the higher segmentation accuracy thus making automated segmentation more computationally efficient.
[bookmark: _Toc113485283]2.5.4	Hidden Markov Model
This is, as purported by Bansal et al [45] and many others, the most common or frequently used approach to automated segmentation or FA to great effect. It is described in the paper as a statistical Markov model. The modelled system assumes to be a Markov process whereby states are hidden. Form this there is one observation randomly generated from M number visible observations from each state.
Yuan et al [10] describe the use of HMM for comparing pre trained acoustic models with an observed speech signal to determine the phone boundaries. By using a transcription, the transcribed words are latticed into possible phone sequences or mapped to a sequence. This can be done by using either a pronouncing dictionary or through grapheme to phoneme rules or possibly both. They are then compared to HMM based models and boundaries are determined. Each phone is typically characterised as a three state HMM, consisting of the left-to-right non skipping states for phone parts showing the beginning, middle and ending as shown in Figure 5. It also included the empty start, entering the phone and end state, exiting the phone. An acoustic model is built for each state with the exception of empty start and end, most commonly using a Gaussian Mixture Model (GMM) as an example, and the possible transitions are also modelled between two states. The waveform is then analysed successively frame by frame, commonly in ten millisecond frames and alignment is determined through discovery of likely sequences of the hidden states derived from the HMM models and the observed data. The hidden states are constrained by the transcription which provides the known sequence of phones.
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Figure 5 - HMM Consisting of Three Non-Skipping States [10]

[bookmark: _Toc113485284]2.5.5	Skip-state HMM
Non-skipping state HMM, however, isn’t able to handle reduction or deletion within phonemes which occur through pronunciation in natural speech well. Under certain conditions the phone may have incomplete closure and even no frication, Yuan et al [10] go on to further consider a skip-state HMM to model phonetic reduction as well as deletion. In this model it is possible to skip every state which then allows for reduction. A zero duration phone will be realised when all states are skipped. This means that the phone is preserved in the lexicon but deleted in the surface form. It has been noted that phonetic transitions and coarticulation remain in this case, as can be seen in a resulting waveform.
Through these methods FA was considered for phonetic segmentation, as a speech variation investigative tool allowing FA to be used in analysing large published corpora containing natural speech.
[bookmark: _Toc113485285]2.5.6	Gaussian Mixture Model (GMM)
Xuan et al [46] describe the GMM as “a finite mixture probability distribution model”. GMM to HMM modelling is common within FA research. Moro-Velazquez et al [47] propose a GMM to HMM based model for the study of the evaluation of Parkinson’s disease through speech processing. A GMM is created for the monophone, taking into account every possible allophone, creating a group of GMM’s through iterative training. These are realigned using HMM.
Leinonen et al [48] use a Kaldi speech recognition toolkit [49] based aligner, using GMM’s for the consideration of cross-language FA, employing thirty nine dimension Mel-frequency Cepstral Coefficients (MFCC) and using Cepstral Mean and Variance Normalisation (CMVN).
In summary, the GMM is a model of a single state, which could be part of a phone, measured from observations within a frame, or many frames. These hidden states feed into the HMM to be observed, determining the phone within the utterance, taken from the hidden states presented. 
[bookmark: _Toc113485286]2.6	Forced Alignment Tools
There are several open source tools made available to academia and research in general. Of these tools the most common method used is HMM as in the HMM Tool Kit (HTK) [50] development and Kaldi [49]. Others such as the Wav2Vec 2.0 [51] use a neural network for FA. Both of these developments can be, and are, used in conjunction with other tools.
It has been observed by Mackenzie and Turton [52] that comparisons have been made between aligners in the context of phone boundary placement. The customary practice is noted of measuring the percentage of these boundaries falling within a nominal percentage of human alignment. The comparison of agreement between aligner to human and the human to human is also noted, and the assertion that if both of these have veery small difference in agreement, it stands to reason that there is no disadvantage to using an aligner to automate the process thereby saving time and resource.
In general it was found that aligner to human agreement was high, and when compared with human to human agreement there isn’t a large difference between the agreement rate, leading to conclusions that substituting human annotation and alignment with FA is acceptable. Moreover, researchers continue to endeavour to improve the capability and accuracy of aligners.
[bookmark: _Toc113485287]2.6.1	HTK
Although HTK is primarily used for speech analysis research, it has been applied to other areas of research such as character recognition and DNA sequencing. The toolkit is used for building and manipulating HMM’s and is currently on version 3.5 as a beta [53]. Hatala [54] describes it as a group of programs and libraries, and asserts that it is complete to build and develop Automatic Speech Recognition (ASR) using HMM. It is concluded that using HTK, it is possible to build ASR that is robust enough for moderately noisy environments and work well with small vocabulary systems.

[image: Diagram, schematic

Description automatically generated]
Figure 6 - HTK Processing Stages [50]

It is designed to run from command line interfaces (CLI), built with C library modules and provides tools for data preparation, training, testing and recognition, and analysis as seen in Figure 6 [50] [53]. As mentioned in Section 2.6, HTK is also the basis for other aligners such as Prosodylab Aligner and Penn Forced Aligner (P2FA) [51].
[bookmark: _Toc113485288]2.6.2	Kaldi
Similar to HTK, Kaldi, written in C++ language, is a free and opensource toolkit released under the Apache License v2.0. It depends on OpenFst, which gives it the finite-state framework, and numerical algebra libraries, using the standard Basic Linear Algebra Subroutines (BLAS) and Linear Algebra PACKage (LAPACK) routines. It is designed to work through CLI tools that are called from a scripting language to build and run a speech recogniser. The speech recognition system is based on finite-state transducers and it facilitates acoustic modelling using GMM, although there is possibility for HMM topology specification.

[image: ]
Figure 7 - Kaldi Toolkit Component Architecture [49]

MFCC  and Perceptual Linear Prediction (PLP) features are extracted with reasonable defaults set, although options are available for tweaking parameters such as mel bins or minimum and maximum frequency cutoffs. GMM’s are supported with both full and diagonal covariance as well as Subspace GMM (SGMM), providing acoustic models that correspond to context dependent HMM states, with the possibility of separately specifying the HMM topology for context independent phones that can allow non-emitting states. [49] [55]
As mentioned in Section 2.6, Kaldi is also the basis for other aligners such as the Montreal Forced Aligner (MFA) [56].
[bookmark: _Toc113485289]2.6.3	Wav2Vec 2.0
Developed by Facebook AI Research, Wav2Vec is a pre-trained transformer based convolutional neural network model to facilitate speech recognition. The advantage to this is the ability to perform without the use of orthographic transcription [57].
Baevski et al [51] present a framework for speech recognition using a self-supervised neural network approach to FA. The model is a multi-layer convolutional feature encoder that outputs latent speech representations from raw audio. It performs on a temporal convolution with normalisation and a GELU activation. These are learned by using quantised audio representations for the contrastive loss only as seen in Figure 7. The model is trained by masking proportions of the outputs from the feature encoder. A trained feature vector then replaces this. The vector is shared between all masked time steps. [58]
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Figure 8 - Wav2Vec 2.0 Framework Model [51]

Wav2Vec 2.0 is available as source code in Github and through PyTorch as well as the Huggingface Language Model. [59]
[bookmark: _Toc113485290]2.6.4	Prosodylab Aligner
Gorman et al [60] introduce Prosodylab Aligner as an open source software package that uses HTK for FA, further permitting researchers to experiment using transcribed audio for training new acoustic models. Its core is a script, align.py. It is used  through a cli command that performs the acoustic modelling and FA, automating the calls to HTK and SoX [61], “a cross-platform command line utility that can convert… audio files in to other formats”. The acoustic models used within the aligner are GMM, more precisely monophone GMM thar consist of 39 MFCC. The acoustic model is pre-trained with laboratory speech in North American English, however it is possible to train a new acoustic model using training data provided by the researcher for more accuracy and speaker dependent training and alignment.
The resulting word and phone alignment is produced in a Praat TextGrid format [62]
[bookmark: _Toc113485291]2.6.5	Montreal Forced Aligner (MFA)
McAuliffe et al [56] present the MFA, a successor to Prosodylab-Aligner, in their words, as “an update to the Prosodylab-Aligner”. Whilst it is still trainable on new data, HTK has been replaced by Kaldi. This means that it can be distributed as a full standalone package, as opposed to having to install and compile individual components such as HTK to allow it to run. It also makes MFA more scalable to larger datasets as it is able to exploit parallel processing, enabling more computationally intensive training to be carried out. It maps graphemes to phonemes, typically through a pronunciation lexicon, providing a statistical phone realisation model.
MFA is open source and, like the previously discussed aligners, have pre-built executables, initialised from the cli on both Windows and Mac OSX. It is built on top of Kaldi toolkit and McAuliffe et al [56] boast three key features; trainability, portability and scalability. Its pipeline is the typical GMM to HMM architecture, initially training monophone GMM’s that generate the first alignment. So that surrounding phonetic context is taken into account, triphone GMM’s are trained and used to generate alignment. These are then used for learning acoustic feature transforms to make it speaker applicable. Thirteen MFCC’s over twenty five millisecond window size and ten millisecond window shift are calculated to produce the acoustic features, with a total of thirty nine features per frame, with a frequency ceiling of 8kHz. This means that no matter the sample rate, acoustic models can be built. [63] [64]

[bookmark: _Toc113485292]2.6.6	FAVE Align
The Forced Alignment and Vowel Extraction (FAVE) suite includes two programs, FAVE-align, performing FA on American English speech, and FAVE-extract, performing formant extraction and normalisation algorithms. For this project, FAVE-align is the tool of interest and therefore hereafter FAVE refers to FAVE-align. FAVE is a collection of Python scripts and is built on the Penn Phonetics Lab Forced Aligner (P2FA) [65] with acoustic models that have been pretrained on 25 hours of the SCOTUS corpus. The model is a GMM based monophone HMM and through HTK. The other main dependency is SoX. As with other aligners, FAVE takes a sound file and an orthographic transcript to determine the boundaries and returns a Praat TextGrid [62] file. [66] [63]
[bookmark: _Toc113485293]2.6.7	DARLA
The Dartmouth Linguistic Automation (DARLA) suite is a web based tool, designed and implemented and introduced by Sravana Reddy and James Stanford [67], providing a fully automatic vowel extraction function and a semi-automatic alignment and extraction. For the alignment and extraction tool a sound file can be uploaded along with its orthographic transcription. The pipeline, although similar to FAVE, uses MFA in favour of FAVE-align and offers additional input and output options such as a basic vowel plot, raw data, Lobanov data, an aligned TextGrid file and more.
DARLA uses a grapheme to phoneme model [68] trained on the CMU Pronouncing Dictionary [69] consisting of 39 Phones based on the ARPAbet symbol set [70].
Although not relevant to this study, it is worth noting that the vowel and formant extraction part of the suite uses FAVE. [71]
[bookmark: _Toc113485294]2.6.8	WebMAUS
Schiel [72] [73] presents the Munich Automatic Segmentation (MAUS) system, a suite of tools for labelling and segmenting the “phonetic constituents of spoken German” [72]. The MAUS technique is applied within the WebMAUS suite of alignment tools, WebMAUS General, WebMAUS Basic and WebMAUS MINNI. These are part of the BAS web services [74] designed to be used as Software as a Service linguistic tools accessed through HTTP and implemented through the Java API for RESTful web services (JAX-RS), which can be used through a web Graphical User Interface (GUI) and allowing use through a REST API. MAUS implements a system of C++ binaries and UNIX script files and takes the sound file and either a phonographic or orthographic transcript to segment and align using HMM technology. [74] [75]
[bookmark: _Toc113485295]2.7	Literature Conclusion
It is hypothesised, and shown that breathing and lung disorders can affect the vocal tract and therefore affect the speech. As a result it is important to extract and analyse the features produced through speech. Arguably the most important step, and the primary step in doing so is the segmentation and alignment of the speech at word, syllable or phone level. As manual segmentation and alignment are time consuming and expensive on resources, it is proposed that automatic segmentation and alignment would be beneficial.
Within this review there has been research and discussion conducted on speech signal processing and analysis, the need to analyse the features towards determining COPD and the tools available to segment and align a speech soundwave using the soundfile and orthographic transcript. The libraries and lexicons used to form the acoustic models have been considered and the process discussed.
There are a host of tools developed for FA using both GMM / HMM models and neural networks. From the tools considered in this review, the latest will be considered and tested for the purpose of a pipeline to extract features for the research into determining COPD from vocal recordings.


[bookmark: _Toc113485296]3.0	Methodology

The aim is to evaluate current FA tools, also known as aligners, specifically for the automatic segmentation and alignment of the words and phonemes. Having investigated eight variances of aligners two have been selected for comparison evaluation.

[bookmark: _Toc113485297]3.1	Project Philosophy
The study is experimental, investigative and evaluative. Section 2 has shown the objective research and review of studies and work conducted within the areas of linguistics, phonology, AI and FA from an external viewpoint, with the purpose of assessing the current application of AI and FA within healthcare research, specifically lung disease and breathing disorders such as COPD. It has also looked to assess the current overall use and application of FA in technology driven speech analysis.
Section 4 will see objective analysis and evaluation based on empirical data attained through testing and experimentation from an external viewpoint. This has allowed critical evaluation and comparison of the selected aligners.
The study is based on facts, established through study within the literature reviewed, establishing current standards and measures and processes within the field, and of the empirical results attained in experimentation of the aligners selected for feature extraction and analysis towards a pipeline.
In summary, the project has a positivist philosophy for the experimental methodology with evaluation based on empirical results.

[bookmark: _Toc113485298]3.2	Project Strategy
A deductive approach has been applied to this study. A theory has been established that it is possible to detect the severity of respiratory diseases through the recording and analysis of speech due to the effect on the vocal tract system. In order to analyse speech for classifying the severity of COPD within a subject, the first step is to extract features, of which the segmentation and alignment is crucial. A review of existing work and literature in Section 2 (and shown in the bibliography) has been completed based on this theory. The hypothesis has been established that one of the current ‘off the shelf’ alignment tools can be bootstrapped into a pipeline to accurately segment and align the phonemes and words to the soundwave for two reasons. The first being that the length of spoken phoneme or word segments as well as unspoken segments, such as inhaling or exhaling, could identify issues within the vocal tract thereby highlighting possible issues. Secondly, this stage is critical to extracting and analysing further features toward the holistic goal.
This hypothesis is tested through experimentation with the selected aligners and the results observed, evaluated and discussed in context of the deduced hypothesis.

[bookmark: _Toc113485299]3.3	Project Approach 
Having met the first objective in Section 2.0, the next objective is to experiment with the aligners selected as potentially suitable. The third objective is the evaluation of the tools to prove or disprove the hypothesis discussed in Section 3.2 and finally to reflect on the work and recommend future work.
Through the three objectives the aim has been met, deciding whether or not an off the shelf aligner can be, and is suitable for bootstrapping into the feature extraction pipeline.

[bookmark: _Toc113485300]4.0	Experiment Implementation

Two aligners are deemed to be suitable for the experimentation; Montreal Forced Aligner (MFA) and WebMAUS Basic, of the Munich Automatic Segmentation (MAUS). This will show the contrast between a web based User Interface (UI) system and an aligner downloaded and installed locally, operated through the Command Line Interface (CLI). Each of these will be evaluated for ease of use and accuracy of alignment timing in comparison to each other. The aligners will be tested using a dataset collated through colleagues involved in the larger project.

[bookmark: _Toc113485301]4.1	Dataset
The dataset is a speech waveform based on a vocal utterance using a single word, ‘Helicopter’ repeated in different iterations. The recordings are saved in .wav format and recorded at 44100Mhz, mostly using Praat recording facilities. The participants are researchers involved in the larger project that this study feeds into. There are five participants in total, producing a total of ninety seven specifically devised utterances and waveforms, mostly repeating the word ‘Helicopter’ at speed and then normal controlled pace, with the final exercise being counting from one to ten forwards and then backwards. Each of these vocal utterances have been orthographically transcribed into a .txt format file, all lower case and with no punctuation. The ,txt file and .wav file have been given the same name for the aligner to be able to match them and time align the transcription to the waveform.
The lexicons and pronouncing dictionaries for the grapheme to phoneme translation are the default that the aligners have been trained on. The output is segmentation and alignment against the speech waveform of both words and phonemes in a Praat TextGrid format of the same name as the original .wav file for inspection. The TextGrid file are then be transposed into a CSV file, again of the same name, for onset and offset timings of each word and phoneme respectively, and these compared against each other for evaluation purposes.

[bookmark: _Toc113485302]4.2	Selected Aligners - MFA
The MFA, created by the Montreal Corpus Group [64] and developed by McAuliffe et al [56]. The reasons for this selection is that firstly it is one of the most popular aligners used in the field currently. Secondly it is the most current and supported version of an aligner being a successor to Prosdylab Aligner, a reason not to use Prosodylab. Thirdly it is a stand-alone aligner operated locally from the CLI through python and Bash scripting, and is built on top of Kaldi for its ASR pipeline using a commonly used GMM to HMM architecture model, firstly with monophone and then triphone models. The pronunciation lexicon is a default pretrained grapheme to phoneme model from the MFA library.
MFA comes with pretrained models for English trained on the Librispeech corpus [76] and the acoustic models pre-trained on GlobalPhone Corpora [77] as well as the Arpabet Dictionary.
It is worth noting that there are multiple dictionaries and acoustic models for multiple languages and dialects within the MFA database and any of these can be downloaded and used within the aligner for training. [64]
[bookmark: _Toc113485303]4.3	Selected Aligners – WebMAUS Basic
From the MAUS suite of tool [72], WebMAUS Basic [74] has been chosen for the automatic segmentation and alignment. Although this could be considered ‘black box’, due to it being all completed through a web based User Interface (UI), the data is passed in much the same way as MFA. The .wav speech files and .txt orthographic transcriptions are uploaded together and WebMAUS Basic will segment the waveform and time align the transcription to it through a process as shown in Figure 9.
It was originally designed for aligning German speech using a constrained search space through the Viterbi alignment using the SAM phonetic alphabet. More currently the service gives a choice of languages and transcriptions are simplified, tokenized and normalized. Once this is done it is put through a grapheme to phoneme (G2P) tool.
It is worth noting here that there are options to the output format, including Praat TextGrid and .csv formats.

[image: ]
Figure 9 - Segmentation and Alignment Process in MAUS [74]

[bookmark: _Toc113485304]4.4	Implementation - MFA
The installation is controlled with an Anaconda [78] environment. MFA is available fully bundled within Conda Forge, the package management system for Anaconda and can therefore be downloaded within the chosen environment. It is installed and a new environment created through the CLI as shown in Figure 10. The command creates a new environment  for the aligner, using the name given with the ‘-n’ flag and using the ‘-c’ flag, provides the conda forge package to install, in this case the ‘montreal-forced-aligner’.
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Figure 10 - Installation Command for MFA within Anaconda
	
The package installer runs showing the programs to be installed into the environment and looks for confirmation to proceed as shown in Figure 11.
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Description automatically generated]
Figure 11 - List of programs to be installed with MFA and confirmation step
Once confirmed, the package is extracted and downloaded. Once complete, the new environment needs to be activated through the CLI, shown in Figure 12 and the system is now ready.

[image: ]
Figure 12 - Activation of the Conda environment after installation

The chosen model and dictionary is then downloaded and placed in the relevant folders, completely managed by MFA. New input and output folders are created so that the aligner can take the data files from the input folder and output the TextGrid files to the output folder.
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Figure 13 - Dictionary Downoad Command
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Figure 14 - Acoustic Model Download Command

On inspection of the models it shows the details, including the phones used within the model as seen in Figure 15 and 16.
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Figure 15 - Inspection of the Acoustic Model
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Figure 16 - Inspection of the Dictionary Model

Once all installed, the aligner is run for each utterance waveform, or by using the directory for all utterances as seen in Figure 17.
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Figure 17 - Running the Aligner

[bookmark: _Toc113485305]4.5	Implementation – WebMAUS Basic
For this process there is no installation. The Chrome browser was used and https://clarin.phonetik.uni-muenchen.de/BASWebServices/interface/WebMAUSBasic was entered into the address bar for navigation. Once on this webpage it produced the UI for uploading the .wav and .txt files to. The correct language, in this case English (GB) is selected from a dropdown menu and the Praat TextGrid output format is also chosen from a dropdown menu. There is a button to run the web service once the tickbox is checked for accepting the terms and conditions. The outputs are then shown when completed on the website and it is possible to download the zipped files.
The results from the experiments were analysed for evaluation and discussion in the following sections.

[bookmark: _Toc113485306]5.0	Evaluation
[bookmark: _Toc113485307]5.1	Qualitative Evaluation
	By comparison, both MFA and WebMAUS are user friendly. Both had a straight forward and easy process to complete the segmentation and alignment and both were quick in producing results on the small sample provided. Both were able to take the same format input and both delivered the same format output.
	Whilst both provided the TextGrid format, there were differences to the display. The first and most obvious being that, although the English (GB) language was chosen from the dropdown menu on WebMAUS Basic, the phoneme set does differ, as seen between Figures 18 and 19.
There could be an argument to say that WebMAUS is more user friendly with an ease of use for no code friendly researchers as it is as simple as drag and drop into the upload box, or in the traditional way, click on the upload box and choose the files or folders to be uploaded. With MFA there is the need to know and use the CLI for a command to download a suitable dictionary and lexicon, however it is one command to run the aligner and could be argued that for tech savvy researchers this is the easier route. 
A difference on the output is that, within MFA there is the ability to flag the output folder within the command line so that all output TextGrid files save directly to that folder for analysis. With WebMAUS there is the need to download the output, which produces a zip folder within the Downloads folder, whether the alignment occurs on one file or multiple files. This then needs to be extracted into a folder for analysis. From this point of view, MFA is easier to use and gain access to the output results for analysis. A minor point, but one worth mentioning as for a very large amount of files this could be tiresome.
As seen in the quantitative results and evaluation, and from Figures 18 and 19, whilst the number of words match (on this particular waveform 52 words), the number phones do differ between MAUS and MFA (MFA showing 396 phones to MAUS showing 403). Furthermore MAUS marks the pauses with <p:> whereas there is no demarcation for the pauses within MFA, although both are recorded within the TextGrid file and within the csv file. It is also noticeable that, even within this small screenshot, the alignment times do differ slightly. 
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Figure 18 - Example Praat TextGrid from MFA and waveform, zoomed in to one word
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Figure 19 - Example Praat TextGrid from WebMAUS Basic and waveform, zoomed in to one word

[bookmark: _Toc113485308]5.2	Quantitative Evaluation
	
[bookmark: _Toc113485309]5.3	Discussion
A web based UI such as WebMAUS or DARLA provide a very quick and easy black box solution to upload a quick short utterance waveform to and gain the results back, in the case of WebMAUS, instantaneously. It provides an easy service for quick single results. Although WebMAUS do have the functionality for a pipeline of features, for larger corpora it is cumbersome and arguably sending data across https is prone to abuse or data corruption when extracting a high amount of features.
The other very obvious consideration for using WebMAUS is the need for connectivity to the internet. Should there not be an internet connection the alignment process cannot take place.
Being installed locally, MFA benefits from several points: Firstly it is always available for a consistent alignment process. Secondly operation from the CLI, which for a data scientist will be a quicker and easier process, provides a more efficient workflow. Thirdly it is easier to bootstrap into a pipeline for multiple feature extraction, arguably giving helpful parameters for other feature recognition, extraction and analysis. Lastly, in the case of cloud provision, it is easier to script for either CLI operation through the cloud provider or trusted environment.
Furthermore, it is easy to install as it is packaged well and installed through a package manager with all dependencies bundled with it. This varies to other aligners such as FAVE for example, where the dependencies such as HTK and SoX have to be separately downloaded and compiled within a UNIX environment, some not even being available to run on Windows. This is a huge plus for recommending MFA.
MFA also provides a greater choice of acoustic modelling, dictionaries and G2P modelling to allow for speaker specific, pronunciation and language variances. These are easily accessible and the aligner can be easily retrained to suit the language or dialect and provide alternative phone lexicons for that. MAUS, although efficient to detect the language, works on a rule based system that only uses one phone dictionary with a great amount of documentation and support and is regularly maintained and updated by the developers.
As a result it is considered that for the majority of researchers MFA is recommended. As for the project relating to this study, it is considered that MFA is a good option to automatically segment and align the phones and words to the waveform in order to analyse further features towards determining COPD, and save on time and resources.
[bookmark: _Toc113485310]6.0	Conclusion

This study aims to review and evaluate the current phonetic forced alignment tools to test and compare the two selected. The hypothesis considered is that in order analyse speech features to determine COPD within a vocal waveform, the initial step is to segment and align the waveform. It is considered that using an automatic alignment tool by conducting automatic segmentation and alignment will reduce time and resources and allow for greater feature extraction within a pipeline towards determining COPD from speech.
Historical and current work within the field of linguistics, phonetics and computer science have been reviewed and it is considered that the presence of a lung disorder such as COPD can be detected through speech due to the effect on the vocal tract, affecting the production of speech. As a result, it is considered that the analysis of speech and vocal waveforms can lead to determining the presence of lung disease, specifically focusing on COPD and classifying the severity of the disease.
FA has been seen to be a crucial part of speech analysis, purported to be the initial exploration within the feature extraction and analysis of speech. Furthermore it is considered that the length of utterance, word and phoneme, as well as the intake and outtake of each segment can elude to an issue within the vocal and respiratory tract, feeding into the features for classification.
In order to segment a speech waveform and time align the words and phonemes to it, there is a process and certain criteria needing to be met: First the data to be submitted for analysis is prepared in two files.  A .wav file format for the speech waveform and an orthographic transcript, in the case of most aligners, in the form of a .txt file format, in lower case, with no punctuation. There are other methods such as an annotated .TextGrid file format but more commonly a simple .txt file format is used. Secondly there is a pretrained model, more commonly a GMM to HMM architecture model, trained on hours of speech corpora, of which there are many in multiple languages. Thirdly there is a dictionary or lexicon of words for the language used within the speech, and also the possibility of a grapheme to phoneme (G2P) model. This is fed through the algorithm to then determine the segmentation and time align the segments to the waveform. In general, most aligners will produce alignment at the word and phoneme level. The results are output more commonly in a TextGrid format that can then be opened alongside the .wav file waveform to analyse. The last stage of the process in this case was to convert the TextGrid files to .csv tables to be able to interpolate the resulting alignment timings and durations.
Having reviewed eight possible aligners, it was considered that two stand out. These two were selected for experimentation and evaluation. Although there is an ease to using a UI within a browser the conclusion is made that, for a computer scientist researching within the phonological or linguistic field, the CLI operation and the local running of the MFA is considered easier, more convenient, and safer than uploading the data for submission and processing and downloading the output in a zip file over https. There is also the issue of availability and the need for an internet connection in order to complete the alignment process. Agreement between the aligners is consistent and within a reasonable tolerance, although it is observed that there is a difference within the time alignment. The biggest drawback to WebMAUS, other than the dependency on internet connectivity, is the fact that it is based on German models, therefore providing different phonemes to those considered standard to the English language.
As a result it would be recommended that MFA is one of the better automatic aligners available to be used by researchers that have some degree of computer knowledge. It is recommended for consistency, reliability, ease of use with respect to the installation and operation of the aligner in comparison to others available. It has the ability to be used locally, in the cloud and in conjunction with other tools in a pipeline for feature extraction. It has a wide range of resources to cover most languages and dialects and is well supported and documented. There are good tutorials available for it as well, in comparison to other available aligners that weren’t very clear.
6.1	Reflection
Prior to this study speech analysis, automatic segmentation and forced alignment had never been a consideration. It is a fascinating and interesting topic to study and now the feeling that the knowledge gained is vast within the field, but also a small part of what could be known. The learning curve has been very steep both in understanding speech processing and FA, and  with the programming, installation and running of the alignment tools. It is felt that without a good understanding of the workings of these tools, it is easy to get lost with the compilation and instalment of some, especially seeing as they seem very niche and specialist and mostly run on Unix based kernels and operating systems.
It is felt that more time could have been given to learning the tools and their workings in order to get a good grip on their operation. At the same time it is felt that for researchers working within the field of linguistics and speech analysis, good computer and programming knowledge isn’t always prevalent and therefore these tools should be easier. The knowledge acquired in the field has been huge, both in FA and speech alignment, and in artificial intelligence towards Automatic Speech Recognition (ASR) where it is felt more could be done towards lesser documented languages such as Welsh. The ability to be able to improve my knowledge towards a project such as determining COPD is a very worthwhile endeavor though and I look forward to continuing this line of study.
It is felt that time management could have been better on the author’s part, and there was difficulty in balancing work commitments, homelife commitments and the general stresses that is entailed. Better management of time would have improved the quality of study. The process, although difficult at times due to being a new field of exploration, has been difficult but enjoyable. Should the time be taken again, more focus would go into the alignment tools and the way that they operate to ensure a more thorough knowledge of the workings.

[bookmark: _Toc113485311]6.2	Recommendations for Future Study
Future study will include further exploration of the tools within a pipeline and trusted environment for further analysis within the healthcare arena. The direct follow on to this study is the exploration of FA on stressed vocal utterances in comparison to relaxed vocal utterances to study and understand the differences in speech and the effects caused by stress on the vocal tract to better establish if a difference in the vocal utterances between a subject with respiratory disease and a subject of normal health.
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GA RP Allophones Context Example GA RP Allophones Context Example

[æ] except in diphthong /aj/ 

cat, out 

[ɑ]  diphthong /aj/

by

[t, t̺] [2], [3] after /s/, end of syllable

stop, hat 

[k] after /s/, end of syllable 

scan, lack 

/ch/  /tʃ/  [tʃ, tʃw] all contexts 

cheap, watch /ä/  /ɑː/ [ɑː, GA ɑ, ɑ˞]  all contexts father, star

[ɛ] 

all contexts red, play 

[e] in diphthong /ej/

play 

[d,  ̺d]

all contexts  dab, bad 

[ɪ] all contexts

pit

/j/  /dʒ/ [dʒ, dʒw]  all contexts 

job, ridge 

/ī/  /aɪ/  [aɪ ̯, ɑɪ ̯] except before /R/

by

/f/  /f/  /f/  all contexts 

face, staff

/î/ /ɪə/ [ɪə ̯] before /r/ and /R/

fear, fearing

/th/ /θ/ [θ, tθ]  all contexts 

thing, both

/ŏ/  /ɒ/ [ɒ, ɔ, GA ɑ]  except before /R/

pot, sorry

[h] word onset, after consonants

have

[h, ɦ] between vowels 

behave

/v/ /v/ [v] all contexts 

vat, cave

/͝oo/ /ʊ/ [ʊ] except in word onset

foot, pull 

/zh/  /ʒ/ [ʒ, ʒw]  all contexts 

genre, vision 

/ū/  /aʊ/ [aʊ̯, æʊ̯]  except before /R/

out 

/n/  /n/  [n] all contexts 

nap, man

— /ʊə/ [ʊə ̯]  before /r/ and /R/

pure, fury

[l]  before vowels (especially RP)

fall, felt 

[ɹ, ɹ, ˞]  after vowels (GA)

(/wh/)  (/hw/) [hw, ʍ, w] word onset 

what 

/y/ /j/  [j] before vowels

yes

/w/  /w/  [w]  before vowels

well

(/kh/) (/x/)  [x] only in foreign words loch, chutzpah



/r/ /r/

[ɹ, ɹw, r, ɾ] [6]  

before vowels (RP), all contexts 

(GA) 

red, pray 

star, start

unstressed syllable 

about, super, 

apron 

/l/ /l/

[ɫ] [4], [5] all contexts 

low

all contexts

furry, hurt, 

hors-doeuvre 

/ng/ /ŋ/ [ŋ]  only after vowels hang  /ə/ /ə/ [ə, ɨ]

except in word final hut, undo

/m/ /m/ [m] all contexts  map, dam  /û/  /ɜː/ [ɜː, GA ɝ, ɚ] 

except before /r/ and /R/  food, super 

/z/  /z/  [z]  all contexts  zebra, gaze /ŭ/  /ʌ/ [ʌ, ɐ] 

[ɔ ̯I] toy

/dh/ /ð/  [ð, dð]  all contexts 

then, other, 

booth 

/͞oo/ /uː/ [uː, ʉː, GA u]

[ʃ, ʃw] /ʃ/ /sh/  all contexts caught, all

/h/ /h/ /oi/ /ɔɪ/  except before /r/ and /R/

[oʊ ̯, əʊ ̯] except before /r/ and /R/2  low

all contexts 

[ɔː, RP oː, GA 

ɔ] 

/ɔː/ /ô/  shell, wash 

[i] 

before vowels and in final 

position

geology, happy 

/s/ /s/ [s]  all contexts  soap, stress  /ō/ /əʊ/ 

[iː, GA i]  except before /r/ and /R/  fee, clean

/g/ /g/ [ɡ]  all contexts  gap, log /ĭ/ /ɪ/

/e/ 

/d/ /d/

[ɾ] 

after a stressed vowel and 

before an unstressed vowel 

(especially GA) 

ladder, pedal

/ē/  /iː/ 

/b/ /b/ all contexts  [b]  bad, dab /ĕ/ 

/â/ /eə/ [ɛə̯, GA ɛ˞] before /r/ and /R/ fairy, where /k/ /k/

[kh] [2], [3]

word onset, before stressed 

vowels

cat, because 

/ā/ /eɪ/ [eɪ̯, ɛɪ̯] except before /r/ and /R/  play, state

tap, contain

better, petal 

/t/  /t/ 

[th, t̺h] [2], 

[3]

[ɾ]

word onset, before stressed 

vowels

after a stressed vowel and 

before an unstressed vowel 

(especially GA) 

[a] [p] after /s/, end of syllable spend, gap  by, out diphthongs /aj/ and /aw/

Consonants and semivowels Vowels

[ph] [2], [3]

word onset, before stressed 

vowels

path, campaign

/p/ /p/ /ă/ /a/1 
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—bash: model: command not found

(mfaligner) MacHomes-MacBook-Pro:Desktop macHome$ mfa model inspect acoustic english_mfa 1
english_nfa_None

2.0.0rc4. dovi9+gedB18ch. 420220404

aker adaptation: Truc
- Perforns LDA on features: Truc

- Phon
o

a, aj, aw, az, b, bl, ¢, ¢, d, d3, d', d, e, ej, f, I, h,

B By s, Tttt E U un, v Vi W 2, @, 6 8, 0, @ o 5, 35, 3, aw, 3, &,

35,5 3 6 Tk F W 0 d, 5 o), f, e e, 0, K, 3, 7, and @
(nfaligner) MacHones-HacBook-Pro:Dasktop macone$ mfa model inspect dictionary english_u_nfa 1
english_uk_nfa

et _type: 194
~ pronunciation_probabilit:
ities: Truc
- phones: aj, aw, b, bl, ¢, c", d, d3, d), d, €3, f, £, h, i, i1, 5, k K% 1, m, @, @, N, 0, By By B, Sty
h, th th t i Vi w2, @, G4 8, 0, 0, 0, 0, 0, D3, 33, 3, oW, & €5, 3, 31 3, G T, ki b W M

True

’ §, 4, 4z, 0, A 3, 7, and ©
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- graphemes: ', a, b, ¢, d, e, f, g, h, i, 3, k, 1, m, N, 0, P, Qs I, S, T, U, V, W, X,

[(mfaligner) MacHomes-MacBook-Pro:Desktop macHome$ mfa align --clean ~/Desktop/input ~/Docur
1s/dictionary/english_uk_mfa.dict ~/Documents/MFA/pretrained_models/acoustic/english_mfa.z:
INFO - Setting up corpus information...
INFO - Loading corpus from source files...
~ NNNNNNNNNNNNNNNEEEEEENENNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNNENEE
INFO - Found 1 speaker across 97 files, average number of utterances per speaker: 97.@
INFO - Initializing multiprocessing jobs.
WARNING - Number of jobs was specified as 3, but due to only having 1 speakers, MFA will of
INFO - Creating corpus split for feature generation...
INFO - Generating base features (mfcc)...
INFO - Generating MFCCs...
B R
INFO - Calculating CMVN...
INFO - Creating corpus split with features...
INFO - Compiling training graphs...
B
INFO - Performing first-pass alignment...
INFO - Generating alignments...
=7 AN RN RN RN R R RN RN R RN RN NRRNNN | 84/97
INFO - Calculating fMLLR for speaker adaptation...
B
INFO - Performing second-pass alignment...
INFO - Generating alignments...
= R R R R AR R RN RN | 89/97
INFO - Exporting TextGrids to /Users/macHome/Desktop/output. ..
INFO - Collecting phone and word alignments from alignment lattices...
=2 RN RN R NN R R R RN RN RN | 89/97
By R
INFO - Finished exporting TextGrids to /Users/macHome/Desktop/output!
INFO - Done! Everything took 200.19448971748352 seconds
(mfaligner) MacHomes-MacBook-Pro:Desktop macHome$ [

Ve 2z, 8, and i
ments/MFA/pretrained_mode:
ip ~/Desktop/output

[60:01<00:00, 93.93it/s]

nly use 1 jobs.

[60:21<00:01, 4.17it/s]

[60:05<00:00, 17.44it/s]
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5.0 Evaluation
By comparison, both MFA and WebMAUS are user friendly. Both had a straight forward and
easy process to complete the segmentation and alignment and both were quick in producing
results on the small sample provided. Both were able to take the same format input and
both delivered the same format output.
Whilst both provided the TextGrid format, there were differences to the display. The first
and most obvious being that, although the English (GB) language was chosen from the
dropdown menu on WebMAUS Basic, the phoneme set does differ, as seen between Figures
18 and 19.
6.0 Conclusion -
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Figure 18 - Example Praat TextGrid from MAF and waveform, zoomed in to one word
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