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[bookmark: _Toc196763224]Chapter 1 - Introduction
Voice recognition technology is at the heart of modern smart home automation systems, providing users with the ability to control their environment through verbal commands. Supported by advancements in artificial intelligence (AI) and the Internet of Things (IoT), these systems have transformed residential experiences by enhancing convenience, energy efficiency, and security. [7]. Despite their growing adoptions, significant challenges remain in ensuring that these technologies are accessible and satisfying for all users, particularly those with disabilities or speech impairments. [7]. 
Many IoT systems lack adherence to robust accessibility standards, leaving individuals with unique needs underserved. [6].  Furthermore, user research into accessibility pain points and preferences is limited, making it difficult to design systems that cater to diverse user groups effectively. While there is significant potential for improvement, the absence of a comprehensive framework to guide the evaluation and enhancement of accessibility in IoT systems creates a persistent barrier to inclusivity. [6]. 
This project aims to address these gaps by developing a comprehensive framework that enhances the accessibility and user satisfaction of IoT-based smart home systems. The research will begin with an analysis of existing accessibility standards and guidelines applicable to IoT devices, along with an evaluation of current compliance levels among smart home technologies. Through user research, it will identify pain points and preferences that impact the usability of smart home interfaces. Using these insights, the study will design and implement a framework to test and improve IoT accessibility, ensuring that devices meet the needs of diverse user groups. Finally, the project will critically evaluate the developed framework by testing it with individuals who have accessibility needs. This evaluation will gather both qualitative feedback, such as user satisfaction and perceived ease of use, and quantitative data, such as task completion times and error rates, to assess the framework’s effectiveness.
By addressing these issues, the research aims to contribute to the development of smarter, more inclusive IoT systems that empower all users, ensuring that the benefits of smart home technologies are accessible to everyone. [6]. 


[bookmark: _Toc196763225]Aim & Objectives
[bookmark: _Toc180395503][bookmark: _Toc187398389]The aim of this research is to develop and evaluate an enhanced voice recognition system within smart home automation specifically designed to improve interaction and satisfaction for individuals with speech impediments.
[bookmark: _Toc196763226]Objective 1: Research the current state of smart home voice recognition technologies for individuals with speech impediments
· [bookmark: _Toc180395504][bookmark: _Toc187398390]Investigate existing smart home devices and identify how effectively they accommodate speech-impaired users. 
· Highlight gaps and specific accessibility barriers faced by individuals when using current voice-recognition technologies. 
[bookmark: _Toc196763227]Objective 2: Conduct user-focused research to clearly understand challenges and needs
· [bookmark: _Toc180395505][bookmark: _Toc187398391]Use a questionnaire to systematically gather experiences, frustrations, and needs of users with speech impediments. 
· Analyse and document findings to define clear, user-driven requirements for improving smart home voice recognition. 
[bookmark: _Toc196763228]Objective 3: Develop and evaluate an AI-driven solution focused on improving voice recognition
· Create and fine-tune an AI framework specifically designed to significantly enhance recognition accuracy for users with speech impediments. 
· Evaluate and validate the developed solution using a combination of user feedback and objective performance metrics (such as Word Error Rate). 


[bookmark: _Toc196763229]Chapter 2 – Research and Review of Literature 
[bookmark: _Toc196763230]Voice Recognition Technology in Smart Home Systems
Voice recognition technology has become an essential component of smart home automation, merging advancements in artificial intelligence, the Internet of Things, and user experience design. [8]. By enabling hands-free interaction with household devices, voice control systems increase efficiency and convenience, reducing the need for physical engagement with home appliances. However, despite its transformative potential, the integration of voice recognition into smart homes presents significant challenges for individuals with speech impairments. [8]. Many current systems fail to accurately interpret non-standard speech patterns, leading to usability issues and exclusion for those who rely on voice commands as a primary means of interaction. Understanding these challenges requires a closer examination of the key technological factors that influence voice recognition performance in smart home environments. Modern homes are increasingly relying on voice-enabled systems like Amazon Alexa, Google Assistant, and Apple Siri, which facilitate daily activities by interpreting and responding to verbal commands. However, the accessibility of these technologies remains limited, particularly for individuals with speech impediments, creating significant barriers that reduce their effectiveness and inclusivity. [9]. 
Recent studies highlight persistent challenges faced by individuals with speech impairments when interacting with voice recognition technologies. Research conducted by Jefferson [10] reviewed the usability of ASR systems for individuals with speech disorders. The study highlights that commercially available voice activated technologies often exhibit significantly lower accuracy rates when processing atypical speech patterns. This disparity is primarily attributed to the training datasets employed, which predominantly contain fluent speech samples, thereby neglecting the representation of diverse speech patterns. [10].  
The Internet of Things serves as the foundation of smart home ecosystems, allowing seamless interconnectivity between lighting, security, temperature control, and entertainment systems. [5]. These devices leverage AI-powered cloud computing to process voice commands and execute tasks. While advancements in connectivity and automation have enhanced smart home functionality, they have also exposed significant limitations in voice assistant accuracy, particularly in recognising diverse speech patterns. [11]. Users with speech impairments often face difficulties interacting with these systems, experiencing high rates of misinterpretation or failure to execute commands. This highlights the pressing need for more inclusive voice recognition models that can accommodate users with varying speech characteristics. [11]. 


[bookmark: _Toc196763231]Artificial Intelligence and Voice Recognition
Artificial intelligence plays a central role in advancing voice recognition accuracy through machine learning algorithms and natural language processing techniques. AI-driven speech recognition models such as Wav2Vec 2.0, DeepSpeech, and OpenAI’s Whisper have significantly improved speech-to-text conversion accuracy. [12]. However, despite these advancements, most existing AI models are trained using datasets that predominantly feature standard speech patterns. The lack of representation of individuals with speech impairments in these datasets results in lower recognition accuracy for non-standard speech. Research suggests that integrating adaptive learning algorithms and personalised voice training methods could enhance the inclusivity of AI-based voice recognition systems by allowing models to adjust to individual speech characteristics over time. [12]. Fine-tuning AI models with specialised datasets that include speech from individuals with impairments is a crucial step toward increasing recognition accuracy and overall usability.
[bookmark: _Toc196763232]Speech Impairments and Technology Interaction
Despite ongoing advancements, many existing voice assistants remain inaccessible to individuals with atypical speech patterns. Smart home voice recognition systems are often optimised for users with clear articulation, leaving those with pronunciation, fluency, or articulation challenges struggling to interact with these devices effectively. [12]. Many users report frequent misinterpretations or the need to repeat commands multiple times before receiving the desired response. Such limitations significantly hinder the usability of voice-controlled smart home automation and highlight the need for alternative input methods, customisable voice training options, and multimodal AI approaches that incorporate both speech and non-verbal cues to enhance accessibility. [12]. 
A growing body of literature advocated the necessity of adaptive speech recognition models that are trained on varied datasets. According to recent research by Mujtaba et al [13], they evaluated six leading ASR systems using both real-world and synthetic datasets containing stuttered speech. Their findings revealed a consistent and statistically significant accuracy bias against disfluent speech across all systems. The study underscores the necessity for ASR systems to be trained on more representative datasets that include various speech disfluencies to improve accuracy and inclusivity. [13]. 
[image: Refer to caption]
Figure 10: Transcript produced by an automatic speech recognition model from a speech sample of an individual who stutters. [13].
Moreover, voice recognition systems traditionally employ acoustic and linguistic models to interpret speech. Acoustic models analyse the audio signals, while linguistic models predict likely word sequences. Current literature suggests that the integration of deep learning algorithms, such as convolutional neural networks (CNNs) and recurrent neural networks (RNNs), considerably enhances the capacity of these models to accurately decode atypical speech patterns. [14]. 
Additionally, Apples Machine Learning Research team introduced the SEP-28k dataset, comprising over 28,000 audio clips labelled with different stuttering events. [15]. Their work demonstrated that increasing the amount of training data with stuttering events led to a 28% improvement in defection performance, emphasising the value of diverse training data in enhancing ASR systems for people who stutter. [15]. 
Furthermore, Leung et al. proposed a data augmentation approach using text-to-dysarthric-speech synthesis to generate additional training data for ASR systems. [16]. Their method showed improved ASR performance for dysarthric speech, highlighting the effectiveness of incorporating synthesised speech patterns resembling those of individuals with dysarthria into training datasets. [16].
These studies collectively emphasise the critical role of diverse and representative training data in improving the accuracy and fairness of ASR systems for individuals with speech impairments. 


Beyond accessibility concerns, security is another significant consideration for individuals with speech impairments using smart home voice recognition systems. [17]. Many smart home devices incorporate voice-based authentication for security purposes, requiring users to verify their identity through spoken passwords or voice recognition technology. However, for individuals with speech impairments, these authentication mechanisms can create barriers when voice commands are misinterpreted or rejected. False rejections of authentication attempts or unintended command activations can pose security risks and usability challenges. To mitigate these risks, researchers have explored improved speech authentication techniques, the integration of personalised AI models, and the incorporation of biometric authentication methods such as facial recognition and fingerprint scanning. These enhancements could provide more secure and accessible solutions for smart home voice recognition. [17]. 
Although AI-driven speech recognition has made significant progress, the lack of diverse training datasets remains a fundamental challenge. Widely used speech datasets such as LibriSpeech and Mozilla Common Voice contain limited samples from individuals with speech impairments, reducing the accuracy of AI models trained on these datasets. Research into dataset expansion, improved acoustic modelling techniques, and multimodal recognition approaches integrating text, facial recognition, and gestures has been proposed as a means of improving AI-driven speech recognition for users with diverse speech characteristics. Ensuring the inclusivity of voice recognition technologies requires ongoing advancements in AI adaptability and dataset diversity to accommodate a broader range of users. [17]. 
This project hopes to utilise a fine-tuned Wav2Vec2 model to achieve a WER (Word Error Rate) to increase the satisfaction of users with speech impediments. A similar study published by Geng et al, incorporated speech impairment severity into hybrid Deep Neural Network (DNN), End-to-End (E2E) Conformer, and fine-tuned Wav2Vec2.0 systems. [4]. By combining these models through two-pass resourcing, they achieved an overall WER of 17.82% on the UASpech test set, which included 16 speakers with dysarthria. This approach underscores the effectiveness of integrating multiple models and considering speech impairment severity in enhancing recognition accuracy. [4]. 


[bookmark: _Toc196763233]Existing AI Models and Limitations for Speech Recognition
Modern AI-driven speech recognition models rely on deep learning techniques and large-scale datasets to enhance accuracy and adaptability. Notable models include Wav2Vec 2.0, developed by Facebook AI Research, which employs self-supervised learning for speech-to-text conversion. Mozilla’s DeepSpeech, an open-source alternative, utilises recurrent neural networks to improve recognition accuracy. [18]. More recently, OpenAI’s Whisper model has been trained on 680,000 hours of multilingual and multitask speech data, making it one of the most comprehensive speech recognition models currently available. While these models perform well in standard use cases, they exhibit significantly lower accuracy when processing speech from individuals with impairments. [18]. 
For example, researchers at the Chinese University of Hong Kong [5] employed techniques such as neural architectural search, data augmentation, and spear adaptation. Their system, achieved a WER of 25.21% on the UASpeech test set, demonstrating the potential of combining various strategies to improve recognition of disordered speech. [5]. 
[bookmark: _Toc196763234]User Experience Challenges with Speech Impairments 
A study by Cullen evaluated the performance of a Wav2Vec 2.0 model trained on the LibriSpeech dataset when recognizing dysarthric speech from the TORGO database. [19]. The baseline model, trained solely on fluent speech, exhibited high Word Error Rates (WER) when processing dysarthric speech. However, fine-tuning the model with a multilingual dataset led to a significant reduction in WER, with improvements up to 24.15% for certain speakers. This underscores the model's initial limitations and the benefits of incorporating diverse speech patterns into training data. [20]. 
Similarly, Bayerl et al. focused on detecting dysfluencies in stuttering therapy using Wav2Vec 2.0. [20]. By fine-tuning the model on stuttered speech corpora like FluencyBank and the Kassel State of Fluency (KSoF) dataset, they achieved relative classification performance gains of up to 27% in F1-score for various stuttering-related events. This demonstrates the model's improved capability when exposed to non-standard speech patterns during training. [20]. 
Project Euphonia by Google Research aimed to improve ASR systems for individuals with speech impairments. [21]. Their dataset included over 1 million utterances from speakers with various speech disorders. The study found that personalised models trained on this diverse dataset achieved a median WER of 5% for home automation tasks across 432 speakers, highlighting the efficacy of specialised training data. ​[21]. 


Further, Tobin and Tomanek investigated personalised ASR models trained on small datasets from individuals with speech impairments. [22]. They discovered that with just 18-20 minutes of speech data, 79% of speakers achieved target WERs suitable for home automation scenarios. This emphasises the potential of personalised models in improving recognition accuracy for users with speech disorders. [22]. 
[bookmark: _Toc196763235]Improving AI for Speech Recognition Accessibility
To improve speech recognition accessibility, researchers have proposed several approaches. One of the most effective methods is dataset expansion, incorporating diverse speech samples, including those from individuals with speech impairments. Another promising technique involves fine-tuning pre-trained AI models such as Wav2Vec 2.0 with domain-specific data. A study by Becerra et al. explored the impact of fine-tuning the Wav2Vec 2.0 model on speech quality prediction tasks. [24]. The researchers found that fine-tuning with domain-specific data significantly improved the model's performance, especially in scenarios with limited labelled data. This finding suggests that customising pre-trained models with specialised datasets can enhance their applicability to diverse speech patterns, including those found in speech disorders. ​[24]. 
Similarly, Chen and Rudnicky investigated fine-tuning strategies for Wav2Vec 2.0 in speech emotion recognition tasks. [25]. Their work demonstrated that task-adaptive pretraining (TAPT) led to a 7.4% absolute improvement in unweighted accuracy over previous state-of-the-art models on the IEMOCAP dataset. This improvement highlights the ability of tailoring models to specific tasks and datasets. [25]. 
[image: The framework of fine-tuning Wav2vec 2.0 for pinyin or character ...]
Figure 11 shows the framework of fine-tuning Wav2Ven 2.0 for character recognition. [23].
Beyond audio data, incorporating additional modalities such as visual cues can further enhance speech recognition systems. Oneata and Cucu proposed a multimodal approach that leverages both audio and visual information to improve automatic speech recognition (ASR) performance. [26]. Their study found that combining these modalities, along with data augmentation techniques, led to more robust recognition, particularly in challenging conditions. ​[26]. 
In another study, Wu et al. introduced DuAGNet, a multimodal speech recognition framework that employs dual adaptive gating fusion. [27]. This system integrates multiple modalities to address the limitations of single-modal recognition, especially in noisy or silent environments. The researchers reported that DuAGNet effectively preserved single-modal characteristics while enhancing overall recognition performance. [27]. 
These studies collectively emphasize the significance of expanding training datasets to include diverse speech patterns and employing fine-tuning techniques tailored to specific tasks. Moreover, integrating multimodal inputs can further bolster the robustness and accuracy of speech recognition systems, making them more accessible and effective for individuals with speech impairments.
[bookmark: _Toc196763236]UK Accessibility Regulations and Smart Home Technology
The United Kingdom has implemented several legal frameworks and accessibility standards to encourage the development of inclusive technologies. The Equality Act 2010 mandates reasonable adjustments to ensure accessibility for individuals with disabilities, including access to smart home technologies. [28].  The British Standards for Web Accessibility (BS 8878) provides best practices for designing accessible digital systems, while the Public Sector Accessibility Regulations 2018 require that voice-assisted services be inclusive of users with disabilities. These regulations reinforce the importance of developing AI-driven voice recognition systems that cater to all users, including those with speech impairments. [28]. 
Various advocacy groups and organisations have called for stricter compliance and testing of AI systems before deployment. The Royal National Institute for Deaf People (RNID) and other accessibility-focused groups emphasise the need for speech recognition systems to accommodate diverse speech characteristics. These organisations advocate for mandatory real-world testing with individuals who have speech impairments to ensure that AI solutions offer tangible accessibility benefits. 


Despite these advocacy efforts, many commercial voice assistants and smart home devices fall short of meeting established accessibility standards. The British Standard BS 8878, which provides a framework for embedding accessibility into web products and services, is often overlooked in the development of these technologies. [29]. This gap between industry implementation and regulatory expectations highlights the need for more rigorous compliance and testing of AI systems before deployment. ​ 
A pertinent case study illustrating these challenges involves a leading technology company that faced complaints from users with disabilities regarding the accessibility of its voice assistant. [30]. Users reported issues such as poor speech recognition for individuals with speech impairments and a lack of alternative input methods. In response, the company engaged Digital Accessibility Testing Services to identify and address these shortcomings. The remediation process included retraining the voice recognition model with diverse data, adding a text-based input option for commands, and improving voice feedback clarity. These changes resulted in a 40% increase in user engagement among individuals with disabilities and garnered positive feedback for inclusivity. [30]. 
This case underscores the critical importance of incorporating diverse user experiences into the development and testing of AI systems. By actively involving individuals with speech impairments in the design and evaluation processes, developers can create more inclusive technologies that better serve the needs of all users.
This study aims to bridge these gaps by fine-tuning AI-driven speech recognition models to improve accessibility in smart home automation. By integrating dataset expansion, AI adaptation techniques, and multimodal approaches, this research seeks to develop practical advancements in voice recognition accessibility. Future studies should further explore real-time adaptive learning algorithms to enhance AI-driven speech recognition systems, ensuring continuous improvement in accessibility and user experience. [7]. 
Given the complexities and diverse challenged presented by speech impairments, the future direction of smart home voice recognition systems must embrace comprehensive and inclusive design principles. [8]. Developing more representative datasets, adopting multimodal technologies, and ensuring robust compliance with regulatory standards will be essential to achieving truly inclusive smart home automation systems. This research seeks to address these critical areas, contributing valuable insights and practical advancements to the field. [10]. 


[bookmark: _Toc196763237]Chapter 3 – Research Methodology 
[bookmark: _Toc187398388]Despite the advancements in voice recognition technology and its integration into smart home systems, significant challenges persist in ensuring its accessibility for individuals with speech impediments. Current voice recognition systems are often trained on datasets that lack diversity in speech patterns, leading to inaccuracies and inconsistent functionality for users with non-standard speech. [10]. 
Furthermore, the design of these systems frequently overlooks the needs of marginalised user groups, limiting their ability to effectively interact with smart home devices. In addition, security and privacy concerns remain prevalent, as voice authentication systems can misinterpret commands or fail to distinguish between authorised and unauthorised users, particularly when faced with atypical speech. [12]. 
This research seeks to address these issues by exploring adaptive AI models, inclusive user interface designs, and robust authentication mechanisms to improve the accessibility and reliability of voice recognition systems for individuals with speech impediments. The aim is to develop solutions that enhance usability, security, and inclusivity, ensuring smart home technologies can be effectively utilised by all users.
[bookmark: _Toc189766228][bookmark: _Toc196763238]Research Onion 
[bookmark: _Toc189766229]This chapter details the research methodology employed in this study, which focuses on improving accessibility in smart home voice recognition systems for individuals with speech impairments. In the study titled "Organisational Culture Meets Flexibility: Research into the Relationship Between Organisational Culture, Adaptability, Resilience and Collaboration" by Rex Hendry, the Research Onion framework was employed to systematically approach the research design. This study, although not directly related to AI voice recognition, demonstrates the applicability of the Research Onion in structuring complex research projects. [32]. 
[image: Saunders' Research Onion Explained (+ Examples) - Grad Coach]
Figure 12 shows how the research onion works. [31].
[bookmark: _Toc196763239]Research Philosophy
This study adopts a pragmatist research philosophy, recognising that research addressing real-world problems benefits from a combination of different methodologies. Pragmatism allows for the integration of both quantitative and qualitative approaches, which is essential for evaluating both the technical performance of AI models and user experiences. Since this research focuses on enhancing AI-driven smart home accessibility, a pragmatic approach ensures that the findings are guided by practical application rather than confined to rigid theoretical perspectives. [32]. 
[bookmark: _Toc189766230][bookmark: _Toc196763240]Research Approach 
The research follows a deductive approach, as it tests existing theories and AI models to determine their effectiveness in addressing accessibility challenges. Deduction is appropriate as it builds upon established AI voice recognition frameworks, allowing hypotheses related to model accuracy and user accessibility to be tested systematically. By conducting experiments on AI models and collecting user feedback, the study aims to validate or refine existing voice recognition methodologies to enhance accessibility for individuals with speech impairments. [32]. 
[bookmark: _Toc189766231][bookmark: _Toc196763241]Methodological Choice 
A mixed-methods approach is applied, integrating quantitative and qualitative research methods to provide a comprehensive evaluation of AI-driven speech recognition. The quantitative aspect includes measuring Word Error Rate (WER), accuracy, and response efficiency of speech recognition models, while the qualitative aspect involves gathering user feedback through structured questionnaires. This approach ensures that the study captures both statistical performance data and real-world user experiences, allowing for a well-rounded assessment of the accessibility challenges faced by individuals with speech impairments. [32]. 
[bookmark: _Toc189766232][bookmark: _Toc196763242]Research Strategy 
The study follows an experimental research strategy, complemented by survey-based research. The experimental component involves training and testing AI-driven voice recognition models, specifically fine-tuning Hugging Face Wav2Vec 2.0 for improved accessibility. Speech recognition performance is analysed before and after model fine-tuning to determine the extent of improvement. The survey component involves gathering data from individuals with speech impairments regarding their experiences with existing voice assistants such as Amazon Alexa, Google Assistant, and Apple Siri. These combined strategies allow for a direct comparison between AI performance metrics and user-reported accessibility concerns. [32]. 
[bookmark: _Toc189766233]

[bookmark: _Toc196763243]Time Horizon
A cross-sectional research design is employed, where data is collected and analysed within a defined timeframe. Since the research assesses the current state of AI speech recognition and gathers user experiences at a specific point in time, a cross-sectional approach is most suitable. This enables efficient data collection and analysis while ensuring that findings remain relevant to contemporary AI accessibility challenges. [32]. 
[bookmark: _Toc189766234][bookmark: _Toc196763244]Data Collection Methods
Data collection consists of two primary components: AI model training and user feedback. The AI model training component involves utilising existing speech datasets, including the TORGO Database (speech samples from individuals with dysarthria), the UASpeech Dataset (recordings from speakers with disabilities), and Mozilla Common Voice (a diverse open-source dataset). These datasets enable AI models to be trained on speech patterns that deviate from standard pronunciation, improving recognition accuracy. [21]. 
The user feedback component involves conducting structured surveys with individuals who use voice-controlled smart home assistants. The surveys gather insights into usability barriers, recognition accuracy, and overall satisfaction with existing voice recognition technology. The feedback provides essential information about user needs, which informs further AI model enhancements.
[bookmark: _Toc189766235][bookmark: _Toc196763245]Data Analysis
AI model performance is evaluated based on Word Error Rate (WER), recognition accuracy, and response time, with pre-trained and fine-tuned models compared to assess improvements. Statistical methods are used to analyse survey data, identifying common themes in user challenges, satisfaction levels, and recommendations for accessibility improvements. By integrating AI evaluation with real-world feedback, the study ensures that the findings are both technically valid and user centred. [14]. 
[bookmark: _Toc189766236][bookmark: _Toc196763246]Ethical Considerations
This study adheres to strict ethical guidelines to protect participant privacy, ensure data security, and obtain informed consent. No personally identifiable information is collected, and all responses remain anonymous. Data handling and storage comply with GDPR regulations, ensuring that AI model training datasets are used solely for research purposes. Participation in the surveys is entirely voluntary, with respondents having the right to withdraw at any stage. Ethical approval is sought where necessary to guarantee adherence to research integrity principles. [33]. 


This research methodology is structured according to the Research Onion framework, ensuring a systematic approach to investigating AI-driven speech recognition accessibility. A pragmatist research philosophy is adopted, utilising a deductive approach and a mixed-methods strategy that integrates experimental AI model testing with survey-based user feedback. Using a cross-sectional time horizon, the study collects data from speech datasets and user surveys to evaluate and refine AI model performance for improved accessibility in smart home voice recognition. [32]. 
This methodological framework ensures that research findings contribute both to AI model development and to enhancing the accessibility of smart home voice assistants for individuals with speech impairments. The following chapter will detail the implementation of AI model improvements and the analysis of collected user feedback to formulate recommendations for future development in inclusive speech recognition. [33]. 
This study aims to improve the accessibility of AI-driven voice recognition systems in smart home automation by addressing the challenges faced by individuals with speech impairments. By integrating user feedback with adaptive AI models, the research proposes a framework that ensures equitable and inclusive smart home technologies. Future chapters will focus on implementing AI model improvements, usability testing, and the analysis of collected data to validate the effectiveness of the proposed accessibility enhancements.
[bookmark: _Toc196763247]Chapter 4 – Results and Analysis
This chapter provides a detailed analysis of the results gathered through a carefully structured questionnaire. The questionnaire was specifically designed to explore user experiences and perceptions regarding current voice-controlled smart home systems among individuals with and without speech impairments. The findings presented and discussed here link directly back to the literature reviewed in Chapter 2, providing a clear understanding of the existing challenges and potential improvements necessary to enhance smart home voice recognition systems for individuals with speech impediments. The link to the questionnaire can be found in the appendix. 
[bookmark: _Toc196763248]Justification for Questionnaire as a Research Method
A questionnaire was chosen as the primary research method due to its ability to efficiently gather a large amount of quantitative and qualitative data directly from users. It allowed respondents to share their experiences openly and clearly, providing comprehensive insights into usability issues, satisfaction levels, and preferred improvements. This method aligns with the SMART objectives outlined earlier in the report, as it provides specific, measurable, relevant, and timely data directly linked to the research aim of improving voice recognition for individuals with speech impediments. 
[bookmark: _Toc196763249]Description of the Target Audience 
The target audience for the questionnaire consisted of individuals with regularly interact with voice controlled smart home devices. The questionnaire attracted 125 respondents, including diverse age groups (Under 18, 19-30, 31-50, 51-70 and 71+), and included participants with various speech impairments such as stuttering, aphasia, speech delay, and post stroke speech difficulties. This broad demographic provided a clear and representative overview of the specific usability challenges faced by individuals across different age groups and speech impairment categories. 
[bookmark: _Toc196763250]Questionnaire Questions and Justification
[bookmark: _Toc196763251]Question 1: “What is your age group?”
This age group question was asked to understand the demographic spread of participants. Respondents primarily fell within the age ranges of 19-30 and 31-50, suggesting higher usage rates of smart home technologies among younger to middle-aged adults. This is consistent with the literature indicating younger uses are typically more comfortable adopting smart technologies. Older respondents (51-70 and 71+) represented smaller yet significant proportions, highlighting the importance of age inclusivity in smart home technology design. 
[image: Forms response chart. Question title: What is your age group?. Number of responses: 125 responses.]
Figure 1 shows the age range of respondents


[bookmark: _Toc196763252]Question 2: “Do you have a diagnosed speech impairment?”
This question assessed how many respondents had officially diagnosed speech impairments. Approximately a quarter of respondents indicated a diagnosed impairment. 
[image: Forms response chart. Question title: Do you have a diagnosed speech impairment?. Number of responses: 125 responses.]
Figure 2 shows the numbers of respondents with a speech impairment
[bookmark: _Toc196763253]Question 3: “If yes, what type of speech impairment do you have?”
Approximately a quarter of respondents indicated a diagnosed impairment including stuttering, aphasia and speech delays caused by strokes. This proportion allowed focused insights into the usability challenges specifically experienced by these users.
[image: Forms response chart. Question title: If yes, what type of speech impairment do you have?. Number of responses: 30 responses.]
Figure 3 shows the types of speech impairments respondents have


[bookmark: _Toc196763254]Question 4: “How frequently do you use voice-controlled smart home devices?”
Most respondents indicated daily or weekly usage, emphasising frequent interaction and reliance on voice assistants, underscoring the important of reliable voice recognition technologies. 
[image: Forms response chart. Question title: How frequently do you use voice-controlled smart home devices?. Number of responses: 123 responses.]
Figure 4 shows how frequently the respondents use voice-controlled smart home devices
[bookmark: _Toc196763255]Question 5: “Which voice assistant(s) do you currently use?”
Respondents primarily used Amazon Alexa and Apple Siri, followed by Google Assistant. Alexa was noted as the most common choice, supporting its prevalence in households, aligning with existing literature discussing its popularity and accessibility. 
[image: Forms response chart. Question title: Which voice assistant(s) do you currently use? (Select all that apply). Number of responses: 123 responses.]
Figure 5 shows the most popular voice assistants respondents use
[bookmark: _Toc196763256]Question 6: “How often do these voice assistants correctly understand your commands?”
Responses indicated that assistants mostly understood commands “most of the time”, but significant issues remained, particularly for respondents with speech impairments who reported lower accuracy levels “sometimes” or “rarely”. This directly corresponds with the literature, confirming the identified gap in current voice recognition technology. 
[image: Forms response chart. Question title: How often do these voice assistants correctly understand your commands?. Number of responses: 121 responses.]
Figure 6 shows how often voice assistants understands the respondents
[bookmark: _Toc196763257]Question 7: “What are the most common issues you experience when using voice assistants?”
The most frequently reported issues were “misinterpretation of commands”, “need to repeat commands multiple times” and “difficulty with pronunciation recognition”. These results validated earlier literature stating individuals with speech impairments frequently face frustration due to inaccuracies in speech recognition technologies. 
[image: Forms response chart. Question title: What are the most common issues you experience when using voice assistants? . Number of responses: 120 responses.]
Figure 7 shows the most common issues with voice assistants’ respondents have
[bookmark: _Toc196763258]Question 8: “How satisfied are you with the current accessibility features of voice assistants?”
Most respondents rated their satisfaction moderately (scores 3-4 out of 5). However, individuals with speech impairments expressed notable lower satisfaction, suggesting current accessibility features inadequately address their specific needs. 
[image: Forms response chart. Question title: How satisfied are you with the current accessibility features of voice assistants?. Number of responses: 121 responses.]
Figure 8 shows how satisfied respondents are with voice assistants
[bookmark: _Toc196763259]Question 9: “What improvements would you like to see in voice recognition for smart home devices?”
Most respondents recommended improvements such as enhanced adaptive learning features, greater personalisation for individual speech patterns, alternative input methods (e.g. text or gestures), and integration with other assistive technologies (e.g. AAC devices). These preferences align closely with the adaptive approaches discussed in the literature review, strongly reinforcing the necessity for personalised and inclusive technological solutions. 
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Figure 9 shows what improvements respondents would like to see for smart home devices
[bookmark: _Toc196763260]Question 10: “Do you have any additional feedback on your experience with voice recognition technology in smart home systems?"
Additional qualitative feedback frequently highlighted frustration due to persistent inaccuracies and misrecognitions, especially for respondents with speech impairments or strong regional accents. Some respondents also specifically mentioned frustration related to children or family members experiencing frequent misunderstandings by voice assistants, indicating that inclusive improvements in voice recognition technology could benefit broader user groups beyond individuals with speech impairments alone. 
[bookmark: _Toc196763261]Discuss and Interpretation of Findings
The analysis revealed notable correlations between the presence of a speech impairment and reduced satisfaction with current smart home voice recognition systems. 
The objective of this survey was to gather targeted insights into user experiences, perceptions, and specific issues encountered by individuals interacting with smart home voice recognition systems. The objectives were designed to be SMART (Specific, Measurable, Achievable, Relevant, and Time-bound), specifically to capture detailed feedback on current issues, measure overall satisfaction, and identify areas for improvement.
The survey's target audience consisted primarily of individuals who frequently use smart home voice assistants, including those diagnosed with speech impediments such as stuttering, aphasia, or speech impairments following a stroke. By targeting this specific audience, the survey aimed to accurately capture relevant challenges experienced by these users.
Quantitative questions in the survey were designed to capture measurable data related to frequency of device usage, accuracy of recognition, satisfaction levels, and preferred improvements. Qualitative questions explored user experiences more deeply, allowing participants to express specific difficulties, suggestions, and overall sentiments regarding the effectiveness of voice recognition systems in smart homes.
The survey results highlighted significant challenges users face with current voice recognition systems, particularly regarding misinterpretation and repetition of commands, difficulty with pronunciation recognition, and responsiveness. Quantitative findings indicated consistently moderate to low satisfaction scores across users with speech impediments, reinforcing the need for enhancements in recognition accuracy and adaptive learning capabilities.


Qualitative feedback frequently pointed to the necessity of personalisation, adaptive learning features, and alternative interaction methods such as text or gestures. Notably, respondents expressed a clear preference for more adaptable and personalised technology to accommodate diverse speech patterns effectively.
The survey results' validity was ensured through careful question design, aligning directly with the study's research objectives. The reliability of the data was strengthened by clear instructions and the use of structured response scales, providing consistency in responses. However, the generalisability of the results is somewhat limited, as the sample size and scope were relatively moderate and targeted primarily at UK-based respondents. Therefore, findings can be generalised broadly to similar user populations in the UK context but may require further validation for broader applicability.
For analysis, the collected quantitative data were statistically summarised to identify clear patterns and trends. Qualitative feedback was analysed thematically to uncover recurring challenges and suggestions directly linked to user experiences and needs. The integration of both quantitative and qualitative analyses provided a comprehensive understanding of user interactions with current smart home voice recognition technologies, laying a solid foundation for subsequent phases of the research.
Overall, the questionnaire served as a valuable tool in gathering insightful data directly from users, ensuring the research remained closely connected to real-world user needs, thereby guiding the design and evaluation of future technological developments.
[bookmark: _Toc196763262]Feedback Gathered (Questionnaire) 
[bookmark: _Toc196763263]Justification for Choosing a Questionnaire
A questionnaire was selected as the primary data collection method due to its efficiency in reaching a broader audience and its ability to systematically gather both quantitative and qualitative data. The questionnaire allowed respondents to provide detailed personal insights into their interactions with voice-controlled smart home devices, making it an ideal approach for capturing comprehensive feedback from users with varying speech impediments.
[bookmark: _Toc196763264]Target Audience
The target audience for this questionnaire comprised individuals across various age groups who either have diagnosed speech impairments or interact frequently with individuals experiencing speech impediments. This audience was selected to ensure relevant, practical insights directly related to the usability and accessibility challenges posed by speech impediments when interacting with smart home voice recognition systems.
[bookmark: _Toc196763265]Types of Questions Included
The questionnaire included quantitative questions focused on user satisfaction ratings, frequency of usage, and accuracy of current voice recognition systems. Qualitative questions aimed to capture detailed user experiences, common issues encountered, and specific improvements desired by respondents.
[bookmark: _Toc196763266]Summary of Results
The results demonstrated significant challenges faced by users, particularly those with speech impairments. Most respondents highlighted frequent misinterpretation of commands, difficulty in pronunciation recognition, and the necessity to repeat commands multiple times as predominant issues. Satisfaction with current accessibility features varied, with the majority rating their experience as average or below average, indicating substantial room for improvement.
Key improvements suggested by respondents included better recognition of speech impairments, adaptive learning features, personalisation options, and alternative input methods such as text or gestures. Many participants expressed willingness to participate in future studies aimed at improving voice recognition technology, reflecting strong community interest and engagement in this research area.
The analysis highlights a clear need for more inclusive and adaptive voice recognition systems within smart home automation, directly supporting the objectives of this research project.
[bookmark: _Toc196763267]Chapter 5 – Implementation
This chapter will show the practical stages involved in developing and implementing the proposed speech recognition model, specifically tailored to assist users with speech impediments. Each section outlines the key processes, technical choices, and the rationale behind strategic decisions, as well as addressing the challenges encountered along the process from local development environments to cloud-based solutions.
[bookmark: _Toc196763268]Requirements and Specification
The implementation process began with identifying and clearly defining a comprehensive set of technical and data-specific requirements essential for achieving the project's objectives. Key requirements included:


[bookmark: _Toc196763269]Dataset Requirements
· A comprehensive collection of audio recordings featuring both male and female voices, clearly categorised into impaired and non-impaired speech.
· Accurate textual transcriptions for each recording, enabling supervised machine-learning training leading to performance evaluation.
· Audio quality standardisation, ensuring recordings were consistent in format (WAV) and sampling rate (16 kHz), to align with the specifications required by the chosen AI models.
[bookmark: _Toc196763270]Computational Requirements
· Access to high-performance computational resources, such as GPU acceleration, to support deep-learning model training efficiently, particularly given the high computational complexity associated with speech recognition models.
· Enough storage for managing datasets, trained model checkpoints, and intermediate files, which accumulated significantly during development and testing phases.
[bookmark: _Toc196763271]Software and Environment Requirements
· A stable development environment supporting Python programming, with specific libraries like PyTorch, Hugging Face Transformers, Librosa, PyCTCDecode, and JiWER.
· Effective management of library dependencies to prevent conflicts and ensure reproducibility across different setups.
Initially, a local Jupyter Notebook environment was selected for its interactivity and convenience; however, this choice quickly exposed critical issues relating to dependency conflicts, prompting a transition to a more robust and managed platform.
[bookmark: _Toc196763272]Design of the Proposed Model
The chosen architecture was the Wav2Vec2 deep-learning model, renowned for its effectiveness in processing and interpreting speech data, including variations caused by speech impediments. The design considerations were as follows:


[bookmark: _Toc196763273]Model Architecture and Selection
· The project employed the pre-trained Hugging Face wav2vec2-base model as a starting point, leveraging its robust foundational knowledge taken from extensive pre-training on diverse speech datasets.
· The design incorporated fine-tuning strategies to specifically adjust the model's parameters to handle speech impediments effectively, therefore customising its capabilities for enhanced accessibility.
[bookmark: _Toc196763274]Data Preprocessing and Augmentation
· Normalisation of audio data to ensure consistent amplitude levels across all samples.
· Application of SpecAugment techniques (including frequency and time masking) to increase data diversity artificially, helping the model generalise better from limited data volumes.
[bookmark: _Toc196763275]Decoding Techniques
· Initial decoding utilised greedy methods: however, given limited performance improvements, beam-search decoding was implemented, significantly enhancing transcription accuracy by exploring multiple transcription hypotheses simultaneously.
[bookmark: _Toc196763276]AI and Technical Tools Used
The successful implementation relied heavily on a well-chosen suite of advanced AI tools, platforms, and libraries. The primary technical components utilised were:
[bookmark: _Toc196763277]Programming and AI Frameworks
· Python: Selected due to its widespread usage, extensive library support, ease of use, and the availability of extensive community-driven resources.
· PyTorch: Adopted as the core deep-learning framework because of its dynamic computation graph capabilities, GPU support, and strong integration with Hugging Face Transformers.
[bookmark: _Toc196763278]Audio Processing Libraries
· Librosa: Used extensively for audio data loading, resampling to a consistent sampling rate (16 kHz), and normalisation processes.
· SoundFile: Employed for efficient file operations and seamless integration with Librosa in reading and writing audio data.
[bookmark: _Toc196763279]Hugging Face Ecosystem
· Transformers: Central to the implementation, providing pre-trained models (wav2vec2-base), efficient tokenizers, and streamlined training interfaces through the Hugging Face Trainer API.
[bookmark: _Toc196763280]Decoding and Evaluation Tools
· PyCTCDecode: Implemented for advanced beam-search decoding, improving the accuracy of transcription over simpler greedy decoding approaches.
· JiWER: Employed to accurately calculate the Word Error Rate (WER), which served as the primary performance metric for assessing model improvements during iterative development cycles.
[bookmark: _Toc196763281]Development Environment Shift: From Jupyter Notebook to Google Colab
· Initial development began in Jupyter Notebook, as it was familiar. However, severe dependency management issues emerged, notably persistent NumPy and Transformers version conflicts, leading to significant workflow disruptions and delays.
· Transitioning to Google Colab provided a managed, cloud-based environment, resulted in resolving dependency conflicts and offering GPU access, greatly improving workflow efficiency and project momentum.
[bookmark: _Toc196763282]Planned Testing Procedures 
To assess the performance and robustness of the proposed model, extensive testing procedures were outlined and implemented systematically throughout the development lifecycle:
[bookmark: _Toc196763283]Baseline Testing
· Initial performance assessment involved evaluating the unmodified pre-trained Wav2Vec2 model on the speech dataset, clearly establishing the starting WER baseline.
[bookmark: _Toc196763284]Incremental Fine-tuning and Validation
· Regular evaluation after each fine-tuning epoch provided immediate performance feedback, ensuring model improvement and early detection of overfitting.
· Implementing a small validation set allowed more reliable monitoring and early stopping capabilities to mitigate risks associated with model overfitting.


[bookmark: _Toc196763285]Post-training Comprehensive Evaluation
· Final testing involved comprehensive evaluation procedures, comparing greedy decoding performance against more sophisticated beam-search decoding, clearly quantifying the impact of advanced decoding techniques on overall model accuracy.
[bookmark: _Toc196763286]Anticipated Challenges and Mitigation Strategies 
Several critical challenges emerged clearly during initial planning phases and practical implementation, requiring targeted mitigation strategies:
[bookmark: _Toc196763287]Challenge 1: Dependency Battles and Environment Stability
· Significant struggles were encountered initially within a local Jupyter Notebook environment, including persistent issues like "NumPy has no attribute 'dtypes'" and transformers library incompatibilities.
· Mitigation: Shifting development to Google Colab resolved these issues through standardised environments and simplified dependency management, significantly improving overall development efficiency and reducing disruption.
[bookmark: _Toc196763288]Challenge 2: Limited Dataset and Potential for Overfitting
· A dataset limited to approximately 50 audio samples posed a significant risk of overfitting, restricting the model’s generalisation capabilities.
· Mitigation: Data augmentation via SpecAugment significantly increased data diversity. Moreover, the integration of rigorous monitoring strategies (validation sets and early stopping) helped manage and reduce potential overfitting.
[bookmark: _Toc196763289]Challenge 3: Performance Stablising with Initial Decoding Methods
· Early experiments revealed minimal improvements in WER through straightforward greedy decoding techniques alone.
· Mitigation: Implementing beam-search decoding resulted in substantial improvements, effectively overcoming the limitations of greedy decoding and enabling further WER reductions without requiring extensive dataset enlargement.
[bookmark: _Toc196763290]Challenge 4: Resource Limitations and Computational Power
· Training sophisticated deep-learning models locally became quickly impractical due to limited GPU capabilities, severely slowing training cycles.
· Mitigation: Moving to Google Colab provided free, reliable GPU access, significantly reducing training times and enabling faster iteration cycles and experimentation, essential for successful model fine-tuning.
[bookmark: _Toc196763291]Challenge 5: Integration and Stability of Beam-search Decoding
· Initial integration of beam-search decoding faced repeated technical setbacks due to missing dependencies (e.g., PyGTrie, RapidFuzz, KenLM binaries).
· Mitigation: Careful troubleshooting led to explicit identification and manual resolution of dependencies, ensuring stable and reliable deployment of beam-search decoding.
The transition from Jupyter Notebook to Google Colab, along with overcoming technical hurdles and implementation decisions, were critical factors contributing to the successful realisation of the speech recognition model. Each stage, from initial challenges to final mitigation strategies, played a significant role in refining the overall project methodology, enhancing reliability, and achieving meaningful improvements in model performance. This detailed documentation of the implementation journey provides valuable insights for future development and application of similar accessible speech-recognition technologies.
[bookmark: _Toc196763292]Chapter 6 – Evaluation
In this section, it will be providing a full evaluation of the project, assessing how effectively the developed voice recognition framework meets the original aim and objectives. The evaluation examines the model’s accuracy, generalisation ability, and practical usability, and it examines the findings within the wider academic context. Strengths and limitations of the study are explored, and the chapter concludes by summarising key achievements, explaining how objectives were met, and offering recommendations for future development and industry deployment. 
[bookmark: _Toc196763293]Evaluation of Framework Against Objectives 
The aim of this research was to develop and evaluate an enhanced voice recognition system, specifically designed to improve interaction between individuals with speech impediments and smart home devices. Through a combination of extensive research, user-centred design, and technical development, the project set out to address specific gaps within the industry. 
The evaluation demonstrates that the framework was successfully developed and tested, with measurable improvement over baseline models. The adapted system achieved significantly better recognition of impaired speech, providing a more accessible and usable experience for target users. 


[bookmark: _Toc196763294]Accuracy and Performance
The starting point of the project involved assessing the capabilities of current smart home systems in recognising speech from individuals with impairments. It became evident that commercial systems exhibited significant difficulties, with recognition failures leading to high levels of user frustration. 
By fine-tuning a Wav2Vec2 based architecture and applying targeted techniques such as beam-search decoding, substantial improvements were achieved. The initial Word Error Rate (WER), was 1.328, reflecting severe flaws in interpreting impaired speech, showing it didn’t recognise a word that was said. Following fine-tuning and model adjustments, the WER was significantly reduced to 1.00, demonstrating clear progress but was failing just as badly to interpret what is being said. 
Beam-search decoding proved highly effective with the WER being 0.78. Unlike greedy decoding, which selects the most likely token at each step without considering alternatives, beam search considers multiple possibilities simultaneously. This approach helped the system produce more coherent and contextually appropriate transcriptions, particularly when processing speech with hesitations, repetitions, and other features common to speech impairments. 
The decision to use WER as the primary evaluation metric was carefully considered. WER provides a simple yet powerful measure of transcription accuracy, enabling objective comparisons across different model version and decoding strategies. It is widely recognised within the field and offers clear interpretability for assessing improvements. 
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The table below, which is taken from a study by A. Jaddoh, F. Loizides, and O. Rana in 2023 [1] compares the WER of different studies undertaken by different authors using data from people with dysarthria. It shows that the word error rate is greatly reduced using bigger databases for better accuracy. It is clear to see the system is much more accurate when users are speaking in isolated words, rather than sentences. 
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Table 2 shows the general accuracy for Automatic Speech Recognition Systems. [1].
[bookmark: _Toc196763295]Generalisation and Robustness
Given the relatively limited size of the available dataset, it was important to ensure that the model could generalise effectively rather than simply memorising training examples. Several strategies were employed to enhance generalisation. 
SpecAugment was introduced to artificially augment the training data by masking part of the spectrogram inputs, forcing the model to lean more generalisable representations. Validation through a held-out test set provided evidence that the improvements were genuine and transferable beyond the original samples. 
Early stopping techniques were used during training to prevent overfitting. By monitoring validation loss and halting training once performance stopped improving, the system was better able to maintain a balance between learning and generalising. 
Overall, these strategies were effective in producing a model that demonstrated both improved accuracy and robustness when applied to unseen speech data. 
[bookmark: _Toc196763296]Practical Usability 
Real-world usability was a crucial measure of success. Practical testing involved simulating common smart-home scenarios, allowing users to issue typical commands and assess system responses.
Participants reported that the enhanced system was significantly easier and more reliable to use compared to their experiences with unadapted devices. They encountered fewer misinterpretations and found that the system responded more accurately to natural variations in speech.
This practical feedback is critical, as improvements in quantitative metrics such as WER must ultimately translate into a better user experience to have real-world value. In this project, practical usability improvements were clear and consistent with the technical performance gains observed.
[bookmark: _Toc196763297]Evaluation of Results against Literature Review 
The project's results are strongly supported by findings in existing literature. The success achieved through fine-tuning a pre-trained model confirms the effectiveness of training the dataset, particularly in cases where data are limited.
Similarly, the improvements observed through the adoption of beam-search decoding are consistent with previous research that demonstrates the benefits of exploring multiple training methods. This technique proved especially valuable for challenging speech patterns, where simpler decoding strategies often fail.
Moreover, the project’s focus on user-centred design and accessibility aligns closely with recent trends in AI development, which emphasise the need for tailored solutions to address the specific needs of underrepresented user groups.
[bookmark: _Toc196763298]Strengths of the Study
Several key strengths emerged during the research:
· Focused Accessibility Approach
The project maintained a consistent focus on addressing the specific needs of individuals with speech impediments, an area that remains overshadowed in current technology development. 
· Effective Use of Advanced Techniques 
Techniques such as SpecAugment, beam-search decoding and model fine-tuning were effectively implemented to maximise performance even within the constraints of a small dataset. 
· Comprehensive Documentation of Technical Challenges
Detailed records were kept throughout the project, particularly during the transition from a local environment (Jupyter Notebook) to a cloud-based platform (Google Colab). This documentation provides valuable guidance for future researchers facing similar hurdles. 
· Strong Alignment with Literature 
Methodological choices were well-supported by existing academic research, ensuring that the project built on best practices while adapting them to this project.  
[bookmark: _Toc196763299]Study of the Limitations 
However, several limitations were also identified:
· Small Dataset Size
The dataset consisted of only around fifty speech samples. Although data augmentation techniques were applied, a larger and more diverse dataset would be necessary to further improve model robustness and generalisation. 
· Absence of External Language Model
While beam-search decoding was implemented, it did not incorporate an external language model such as KenLM n-gram model. The addition of this model could further improve the accuracy and coherence of the results. A study conducted by Li et al used this model for low-resource Indian Languages, such as Benali and Bhojpuri, achieved WERs as low as 15.97%, highlighting the significant improvements gained through the addition of an external language model. [2]. 
[bookmark: _Toc196763300]Summary of Project Achievements
Throughout the course of the research, several major achievements were made:
· Successfully transitioned the development environment from a problematic local setup to a stable cloud-based platform, enabling more reliable training and evaluation processes. 
· Designed and implemented a fine-tuned Wav2Vec2-based model capable of significantly improving recognition accuracy for speech-impaired users. 
· Applied and validated advanced techniques such as SpecAugment and beam-search decoding, demonstrating their effectiveness in real-world accessibility applications. 
· Achieved a clear reduction in Word Error Rate, which will improve user experience with these smart home devices. 
[bookmark: _Toc196763301]How Objectives Were Met
The first objective, to research the current state of smart home voice recognition technologies for individuals with speech impediments, was successfully addressed through a detailed review of available systems and practical analysis of their performance. Technologies such as Amazon Alexa, Google Assistant, and Apple’s Siri were evaluated, revealing significant limitations when tasked with interpreting speech containing stutters, slurring, or other impairments. These findings demonstrated that mainstream smart home devices were largely optimised for standardised, fluent speech and lacked meaningful accessibility adaptations, validating the need for a focused solution.
The second objective, which centred on conducting user-focused research to better understand the specific challenges and needs of users with speech impediments, was achieved through the development and distribution of a detailed questionnaire. The questionnaire collected direct feedback from individuals with various speech difficulties, exploring their experiences with current technologies, their frustrations, and their desired improvements. The analysis of these responses provided critical user-driven insights, ensuring that the development of the new AI framework was grounded in real-world needs rather than theoretical assumptions.
The third objective was to develop and evaluate an AI-driven solution focused on improving voice recognition accuracy for individuals with speech impediments. This objective was comprehensively fulfilled by adapting the Wav2Vec2 model through fine-tuning on a purpose-built dataset. Advanced techniques such as SpecAugment were used to enhance generalisation, and decoding strategies like beam-search were applied to boost accuracy. Systematic evaluation using Word Error Rate (WER) demonstrated a substantial reduction in errors post-training, while practical testing confirmed that the system was meaningfully more usable for impaired users compared to off-the-shelf solutions.
Therefore, these activities ensured that each objective was not only addressed in theory but was practically implemented, evaluated, and demonstrated through both quantitative performance metrics and qualitative user feedback.
[bookmark: _Toc196763302]Key Conclusions
The findings of the project lead to several important conclusions:
· Fine-tuning pre-trained models, combined with techniques such as beam-search decoding, can significantly enhance voice recognition systems for speech impaired users. 
· Data augmentation methods like SpecAugment are essential for maximising model robustness when working with small datasets. 
· User centred design principles are crucial in developing AI systems that genuinely address accessibility challenges and deliver practical, real-world benefits. 
[bookmark: _Toc196763303]Recommendations for Further Development
While the project achieved its primary goals, further improvements could still be made by learning from wider studies within the field of speech recognition research.
[image: Wav2vec2 framework architecture]
Figure 13 shows a Wav2Vec2 framework architecture. [34].
A pertinent case study illustrating the advancements in speech recognition for disordered speech is presented by Geng et al. in their research on the UASpeech corpus. [35]. Their study focused on enhancing Automatic Speech Recognition (ASR) systems for individuals with dysarthria, a motor speech disorder. By employing data augmentation techniques, including speed perturbation, and implementing Learning Hidden Unit Contributions (LHUC) based speaker adaptation, they achieved a significant reduction in Word Error Rate (WER). Specifically, their optimised system attained an overall WER of 26.37% on the test set comprising 16 dysarthric speakers, marking a notable improvement over baseline models. [35]. 
This case study underscores the impact of targeted fine-tuning and data augmentation in improving ASR performance for disordered speech. The integration of speaker adaptation techniques like LHUC further contributed to the system's robustness, demonstrating the importance of personalised modelling in this context.​ [35]. 
In comparison, initial stages of fine-tuning in similar projects often report higher WERs, ranging from 70% to 80%. The advancements achieved by Geng et al. highlight the potential for substantial accuracy improvements through the application of specialised training strategies and the incorporation of diverse, representative datasets.​ [35]. 
These findings emphasize the necessity of employing comprehensive and adaptive approaches when developing AI-driven voice recognition models intended for users with speech impairments.
Recent studies have demonstrated that leveraging larger variants of Wav2Vec2 models, such as Wav2Vec2-large-960h, and integrating domain-specific language models during beam search decoding can significantly enhance speech recognition performance, particularly for disordered speech.​
For instance, Wullach and Chazan explored the impact of layer aggregation in fine-tuned Wav2Vec2 and HuBERT models. [36]. They found that aggregating representations from multiple layers, rather than relying solely on the top layer, improved the effectiveness of beam search decoding. This approach led to reductions in Word Error Rate (WER) and Character Error Rate (CER) by up to 10% and 22%, respectively, on the LibriSpeech test and development sets. The study highlights the benefits of utilizing the rich hierarchical representations within larger models to capture subtle speech patterns more effectively. [36].
Additionally, the use of domain-specific language models during beam search decoding has been shown to enhance contextual understanding, allowing for more accurate transcription of speech with atypical patterns. By incorporating language models trained on relevant corpora, the decoding process can better predict and correct for uncertainties in phoneme recognition, further reducing WER.​ [37]. 
These findings underscore the importance of model customization and the integration of specialised decoding strategies in improving the accessibility and accuracy of speech recognition systems for individuals with speech impairments. [37]. 
In comparison, this project utilised Wav2Vec2-base without an external language model, operating within significant resource constraints. The limited dataset size (~50 samples) also presented a considerable challenge in training a model to generalise broadly.
To address these gaps in future development, it is recommended that the dataset be substantially expanded, ideally through the inclusion of multiple types of speech impairments, broader speaker demographics, and naturalistic speaking contexts. Collecting at least several hundred impaired speech samples would provide a stronger basis for training and testing.
Furthermore, integrating an external language model—either a small KenLM n-gram model or a Transformer-based decoder—would likely reduce WER further, especially in cases where impaired speech leads to ambiguous acoustic signals. This addition would enable the decoder to rely more heavily on contextual cues when determining the most likely transcription. [4]. 


It is also advisable to explore the fine-tuning of larger base models, such as Wav2Vec2-large, which, when combined with sufficient computational resources, could provide significant gains in both recognition accuracy and robustness. Future work should consider leveraging cloud-based GPU resources or high-performance computing clusters to enable extended training cycles, larger batch sizes, and fine-tuning on larger parameter sets without the constraints faced in the current study.
Finally, a continuous learning mechanism could be introduced, where user corrections or feedback post-deployment are fed back into the model, enabling it to evolve and improve over time as it encounters a wider range of real-world speech patterns.
Through these refinements, it would be possible to push the model's WER closer to the best-performing studies in the field, ultimately delivering an even more accessible and reliable voice recognition system for users with speech impediments.
A study focusing on personalised ASR (Automatic Speech Recognition) models trained on small datasets from individuals with speech impairments found that with just 18-20 minutes of speech data, 79% of speakers achieved target WERs suitable for home automation scenarios. This highlights the potential benefits of personalised models in improving recognition accuracy for users with speech disorders. [3]. 
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Table 4 shows the percentage of speakers reaching target WER of 20% on conversational domain, split by severity [3]. 
[bookmark: _Toc196763304]Practical Recommendations for Industry Application
Given the encouraging results achieved during this project, several practical recommendations are proposed for industry adoption and further enhancement of accessibility in smart home systems.
Firstly, any accessibility-focused voice recognition system should prioritise cloud-based deployment. Leveraging cloud infrastructure would enable the scalability needed to handle the computational demands of fine-tuned speech recognition models while maintaining consistent and reliable service for users. Cloud services would also allow for more frequent model updates without burdening the user with local software maintenance.
Secondly, it is strongly recommended that continuous feedback mechanisms be integrated into commercial systems. By allowing users to flag misinterpretations or correct transcriptions directly through their devices, companies could create real-time learning loops, enabling their models to adapt and improve over time based on real-world usage patterns and evolving speech characteristics.
Moreover, greater attention must be given to the diversity of training data during system development. It is essential that companies building voice-driven technologies actively seek out and incorporate speech samples from individuals with a variety of speech impediments and linguistic backgrounds. This would significantly enhance model robustness and fairness, preventing accessibility gaps from persisting in future deployments.
Additionally, smart home device manufacturers should commit to adhering to established accessibility standards and document their efforts clearly. Users with speech impairments must be assured that the technologies marketed to them have been specifically tested and validated against diverse use cases and that ongoing support and updates will prioritise their needs.
Finally, collaboration between academic researchers, accessibility experts, and industry practitioners should be encouraged to ensure that advances made in speech recognition research (such as fine-tuning, augmentation, and language modelling) are rapidly and responsibly translated into commercial products.
If these practical steps are implemented, the smart home industry could not only enhance the accessibility and usability of its products but also open new markets and opportunities by building genuinely inclusive technologies that serve a broader range of users effectively and respectfully.
[bookmark: _Toc196763305]Key Conclusions
The findings of this project clearly demonstrate that significant improvements in voice recognition for individuals with speech impediments are achievable through the adaptation of existing AI models. Fine-tuning a pre-trained model such as Wav2Vec2, combined with strategic techniques like beam-search decoding and data augmentation (SpecAugment), led to substantial reductions in Word Error Rate (WER) and greatly improved practical usability.


The evaluation highlighted that while commercial off-the-shelf smart home devices tend to perform poorly for impaired speech, a tailored, focused approach can bridge the gap between standard ASR (automatic speech recognition) systems and genuine accessibility. The consistent improvements measured against baseline models, combined with strong positive user feedback, validate the project's core premise: that speech recognition technologies can and should be adapted to cater more effectively to users with non-standard speech patterns.
Moreover, the project reinforced the critical importance of data diversity and quantity in speech model training. Although notable improvements were achieved using a limited dataset, it is evident that larger and more representative data collections, combined with further technical enhancements, could push the model’s performance closer to current state-of-the-art results documented in specialised research studies.
In summary, this project not only demonstrated the technical feasibility of accessibility-focused speech recognition improvements but also emphasised the broader ethical and practical imperative for more inclusive technology development in future smart home systems.
[bookmark: _Toc196763306]Chapter 7 – Reflection 
[bookmark: _Toc196763307]Personal Reflection on the Research Process 
Reflecting on the research process undertaken during this project highlights the depth of both technical and personal growth experienced. From the outset, the project posed a significant challenge, requiring the combination of advanced technical development, accessibility-focused research, and user-centred design principles. Navigating these demands provided valuable opportunities for learning, adaptation, and self-improvement throughout the research journey.
One of the key aspects of the process was the need to move beyond theoretical understanding and into practical application. Designing a voice recognition system capable of genuinely supporting users with speech impairments required far more than simply applying existing models; it demanded critical evaluation of available tools, adaptability in the face of technical limitations, and a willingness to iterate through multiple development approaches before reaching an effective solution.
[bookmark: _Toc196763308]Lessons Learned
Throughout the project, several important lessons were learned. Technically, the challenges associated with model fine-tuning, audio data handling, and performance evaluation became clear early on. Dealing with highly sensitive audio recordings, where even minor distortions or sampling issues could drastically affect model performance, underscored the need for careful preprocessing and validation at every stage.
Methodologically, the importance of structuring the research around user needs rather than assumptions became increasingly apparent. The decision to ground the system development in direct feedback from individuals with speech impairments strengthened the relevance and impact of the final solution. Without this clear focus, the project risked developing an academically sound but practically irrelevant system.
From a personal perspective, the project highlighted the value of perseverance and flexibility. Numerous technical hurdles were encountered, particularly relating to environment setup, package compatibility, and resource limitations. Adapting to these challenges—such as transitioning from Jupyter Notebook to Google Colab—required a shift in mindset, viewing obstacles not as failures but as opportunities to strengthen the research methodology and build resilience.
Technical, methodological, personal growth
[bookmark: _Toc196763309]Technical Growth
The technical demands of this project were considerable and led to significant growth in practical skills. Expertise was developed in using pre-trained models, particularly Wav2Vec2, and in understanding how to adapt and fine-tune these models for specialised domains. Practical knowledge of audio pre-processing, speech-to-text systems, data augmentation (especially techniques like SpecAugment), and advanced decoding strategies such as beam search was greatly enhanced.
Additionally, significant experience was gained in troubleshooting complex system dependencies and resolving environment configuration issues, both locally and in cloud-based environments. Working with Hugging Face’s Transformers library and integrating external tools such as evaluate and jiwer libraries helped build a comprehensive, real-world understanding of machine learning pipelines beyond simple theoretical models.
[bookmark: _Toc196763310]Methodological Growth
From a methodological standpoint, the project deepened understanding of best practices in research planning, testing, and validation. Initial stages of the project highlighted a tendency to move too quickly into technical development without fully considering the structure of user research and evaluation. Adjustments were made to ensure that user-centred design principles informed the technical work, ensuring that the solution remained relevant and meaningful.


The use of a clear baseline (pre-trained model WER) and systematic post-training evaluation ensured that results were both reproducible and comparable. The importance of holding out a validation dataset and applying early stopping strategies to prevent overfitting was also reinforced. Furthermore, the limitations encountered around dataset size prompted reflection on sampling strategies, data diversity, and ethical considerations around data collection from vulnerable populations.
[bookmark: _Toc196763311]Personal Growth
On a personal level, the project encouraged greater resilience, patience, and independent problem-solving. Early setbacks, such as model failures, unexpected errors, or cloud resource constraints, could have derailed progress if they had not been approached with persistence and a problem-solving mindset.
Time management skills were also strengthened, particularly in balancing technical development with research writing, evaluation tasks, and contingency planning for technical problems. Finally, communication skills were enhanced, especially in terms of translating complex AI concepts into accessible explanations during user engagement phases and while documenting the research process for future replication.
Overall, the project facilitated substantial development not only as a technical practitioner but also as a resilient and adaptable researcher, capable of managing complex, evolving research tasks in real-world conditions.
[bookmark: _Toc196763312]Reflection on Project Management and Time Management
Effective project management was crucial to the successful completion of this work. Careful planning at the outset, with clearly defined milestones and timelines, provided a useful framework; however, as the project evolved, it became clear that flexibility within that structure was just as important.
Technical setbacks, such as environment compatibility issues and model training times, often required reallocation of time and resources. These experiences reinforced the necessity of building contingency periods into project plans to account for unexpected challenges. Regular review of progress with weekly meetings, helped to ensure that despite delays in some areas, overall momentum was maintained.
Balancing technical development with literature review, user research, and evaluation phases also required careful prioritisation. One key learning was the value of focusing early on activities that were critical to later stages (such as gathering user feedback early enough to meaningfully influence system design). In future projects, even greater emphasis would be placed on iterative development cycles, allowing more time for feedback and incremental improvement.
[bookmark: _Toc196763313]Personal Development and Skills Gained
Undertaking this project contributed significantly to both technical competence and broader personal development.
From a technical standpoint, skills in deep learning, transfer learning, data augmentation, and speech processing were greatly enhanced. Practical experience with fine-tuning models like Wav2Vec2, working with libraries such as Hugging Face Transformers, and evaluating model performance using metrics like WER provided a much deeper understanding of applied AI techniques.
Beyond technical skills, the project fostered substantial growth in areas such as problem-solving, critical thinking, and adaptability. Learning to diagnose and resolve complex issues with cloud-based environments, and finding workarounds for resource constraints, strengthened practical research skills that are directly transferable to future academic and professional work.
Communication skills also improved through the need to explain complex technical concepts in accessible terms, particularly when gathering user feedback or presenting evaluation results. Clear, user-centred communication proved essential in maintaining the accessibility focus of the project.
Finally, the experience reinforced the importance of resilience and proactive learning. Facing technical challenges that were not immediately solvable forced the development of independent research skills, including the ability to synthesise solutions from disparate resources and adapt them to the specific needs of the project.
Overall, the research process not only achieved its primary technical aims but also served as a catalyst for substantial personal and professional growth, preparing for future challenges within both academic research and broader industry contexts.
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