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[bookmark: _Toc214995976]Abstract
This research addresses the challenge of automating meeting documentation in multilingual and multi-speaker workplace environments by designing and implementing ClariVoice an AI-based workflow, comprising Automatic Speech Recognition (ASR), multilingual Natural Language Processing (NLP), multi-stage summarisation and Text-to-Speech (TTS) output. The system leverages a Python-based backend (Flask) incorporating the Vosk engine for ASR, spaCy and NLTK for NLP, and an SQLite database for transcript management. The summarisation module follows a cascade of extractive then abstractive summarisation, enabling concise minute-style outputs. The TTS module (Google TTS) will produce multilingual audio summaries of meeting content. Evaluation is performed using latency measurements for streaming performance, operation error rate for end-to-end reliability, and user-satisfaction metrics through survey responses. The contribution lies in integrating a full-pipeline solution tailored for multilingual work contexts, providing guidelines and empirical results for hybrid extractive/abstractive summarisation in a spoken dialogue domain. 
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[bookmark: _Toc214995977]1.0 Introduction
[bookmark: _Toc214995978]1.1 Background 
Workplace meetings are fundamental to organisational coordination, yet their increasing frequency and diversity in language use present productivity challenges. According to recent studies, employees spend substantial hours in collaborative sessions, and the shift to remote/hybrid formats during and after the COVID-19 pandemic has exacerbated the cognitive and temporal burdens of processing meeting outcomes [1]. Manual minute taking remains resource intensive and error-prone, particularly in multilingual environments where language switching and speaker variations introduce further complexity.
This report presents the design and evaluation of ClariVoice: an AI-driven system that automates meeting transcription, multilingual summarisation and audio-output generation for global work contexts. The architecture comprises four core stages: (1) automatic speech recognition (ASR) of multilingual dialogue, (2) an NLP pipeline for speaker diarisation and language aware processing, (3) a multi-stage summarisation module (extractive followed by abstractive) to produce concise minutes, and (4) text-to-speech (TTS) output in one or more target languages. The system is implemented via a Flask backend in Python, employing Vosk for ASR, spaCy/NLTK for NLP, Google TTS for audio generation, and SQLite for recording transcripts and summaries. The front end utilises HTML, CSS and JavaScript for user interaction. Evaluation focuses on three key metrics: latency (to assess responsiveness in near-real-time settings), operation error-rate (to assess end-to-end reliability) and user satisfaction (to capture human-centred usability). These choices reflect industry and academic standards in meeting summarisation research [22][23]. By situating the work in multilingual, multi-speaker settings and integrating full-pipeline automation, this research seeks to address persisting gaps in meeting summarisation: limited annotated multilingual texts, latency/streaming constraints, and summarisation methods tailored to spoken-dialogue domains (rather than written text) [4]. 





[bookmark: _Toc214995979]1.2 Problem Statement
The project addresses the difficulty of reliably capturing and reusing key information from spoken meetings in multilingual professional settings, where important decisions and actions are easily lost once discussions end and where data must remain on-device rather than in the cloud [5]. Existing tools rarely deliver timely, accurate and comprehensive summaries that handle diverse languages and conversational complexity while also supporting local, offline processing, which limits rapid decision-making and inclusive access to meeting outcomes.

[bookmark: _Toc214995980]1.3  Aims & Objectives	
The overarching aim of the ClariVoice project is to design, implement and evaluate an AI-based, on-device meeting assistant that produces accurate, privacy-preserving summaries of multilingual workplace meetings.
To achieve this aim, the project pursues the following objectives:
· End-to-end pipeline: Engineer a complete workflow that links automatic speech recognition (ASR), natural language processing (NLP), multi-stage extractive–abstractive summarisation and text-to-speech (TTS) within a single coherent architecture operating on locally captured audio [1].
· Efficient multilingual ASR and diarisation: Develop a lightweight, multilingual ASR and speaker-diarisation component that can handle realistic meeting conditions such as accent variation and overlapping speakers while remaining deployable on commodity hardware [1], [2].
· NLP cleaning and hybrid summarisation: Construct an NLP pipeline that cleans, segments and structures conversational transcripts and applies a hybrid summarisation strategy to generate concise, minute-style summaries that preserve key decisions, actions and speaker attributions [3].
· Accessible audio summaries: Integrate a TTS module that converts textual summaries into natural sounding speech in one or more target languages, improving accessibility for visually impaired users and those who prefer auditory review [4].
· Empirical evaluation: Assess the prototype using quantitative and qualitative metrics, including transcription accuracy, latency, operation-level error rate and user-satisfaction scores to provide an evidence-based view of responsiveness and usability in multilingual meeting scenarios [2], [3].

[bookmark: _Toc214995981]1.4 Scope and Limitation
This project is scoped to the design, implementation and evaluation of a single-user, on-device prototype that uploads prerecorded meeting audio through a browser interface, transcribes it offline using Vosk, and stores transcripts locally in SQLite with basic viewing functionality. The work focuses on short to medium-length workplace-style recordings, a Flask-based Python backend, HTML/CSS/JavaScript front end, and a small-scale evaluation using automated latency and reliability tests plus a brief user questionnaire. Summarisation, speaker diarisation, multilingual processing beyond English and TTS are included only at the level of architectural design and partial scaffolding, not as fully implemented or rigorously tested features. The system does not support continuous live streaming, large-scale deployment, integration with external calendars or collaboration platforms, or formal security hardening beyond local-only processing. Evaluation is limited by a small number of audio samples, a small and convenience-based user group and desktop-only testing, so results cannot be generalised to all meeting types, acoustic conditions or user populations.

[bookmark: _Toc214995982]1.5 Dissertation Structure
This dissertation is organised into six main chapters, followed by references and appendices. Chapter 1 introduces the project, outlines the problem, and presents the aims and objectives. Chapter 2 provides the literature review, including a comparison table of related systems and a synthesis of the research gaps that motivate ClariVoice. Chapter 3 explains the methodology, covering the system development approach, tools and technologies, system requirements, overall architecture, data collection procedures and the ethical and privacy framework. Chapter 4 describes the implementation and development of the prototype, detailing the project organisation and file structure, backend architecture, audio capture and ASR pipeline, data persistence layer, front-end interface, the planned NLP summarisation component and local security measures. Chapter 5 presents the testing and evaluation, setting out the testing strategies used and reporting the performance results. Chapter 6 concludes the dissertation by summarising the main findings and drawing recommendations for future work. The reference list documents all cited sources, while the appendices provide supplementary material such as detailed designs, code artefacts and additional results.




[bookmark: _Toc214995983]2. Literature Review

Intelligent meeting-recording and summarisation systems depend on the coordinated performance of automatic speech recognition (ASR), natural-language processing (NLP), speaker diarisation, multilingual modelling and text-to-speech (TTS). Recent surveys on ASR report a clear shift from traditional hidden Markov models to end-to-end deep architectures, with substantial gains in recognition accuracy, robustness to noise and support for low-resource languages, but also with significantly higher computational and memory demands on constrained devices [1], [2]. These studies further confirm that Word Error Rate (WER) remains the dominant evaluation metric for continuous, spontaneous speech, including meeting dialogue [1]. At the same time, work on diarisation, multilingual modelling, meeting summarisation and TTS show that each component technology has advanced in isolation, yet integrated, privacy-aware systems for real-world meetings remain comparatively rare [3], [9], [19], [24], [26]. The following subsections review prior systems and core technical strands, highlighting how they inform and motivate the design of ClariVoice. Recent work on intelligent voice-to-text and meeting-support systems spans a wide range of objectives, from qualitative research transcription to real-time multilingual translation, yet few solutions provide an integrated, privacy-aware pipeline from audio capture to meeting summaries. Vink, introduced in [1], is a free, open-source speech-to-text tool based on OpenAI Whisper that targets qualitative researchers and offers strong multilingual accuracy with local processing, thereby reducing transcription time and some privacy risks. However, it outputs simplified text, deliberately removing fillers and non-verbal cues, and does not incorporate speaker recognition or higher-level dialogue analysis, which limits its suitability for applications where conversational nuance and speaker attribution are important. LinguaFusion [2] extends the state of the art in multilingual speech technology through an AI-powered real-time video voice translator that combines ASR, context-aware neural machine translation and natural TTS, achieving impressive audiovisual dubbing quality. Its orientation towards translation rather than textual meeting summarisation, together with a heavy reliance on cloud services such as Google Translate, makes it less appropriate for privacy-sensitive organisational meetings. DialogLM [3] takes a different approach by proposing a pre-trained transformer model for long-form dialogue understanding and summarisation; it can process very long multi-party conversations and yields strong abstractive summaries on meeting corpora, yet it assumes textual input and does not address direct audio capture, ASR integration or end-user interfaces. Voice Note Taking [4] demonstrates the usefulness of mobile speech recognition and NLP for educational notetaking, reporting an 87.81% transcription accuracy and offering term-extraction functions that support learners, but its performance degrades in noisy conditions, and it is not optimised for multi-speaker, multilingual meeting scenarios. Collectively, these systems show rapid progress but also illustrate that many solutions concentrate on a single stage of the pipeline—transcription, translation or summarisation—while neglecting integrated, on-device processing for full meetings.
At the technical level, recent surveys document a decisive shift in ASR from hidden Markov models to end-to-end deep architectures, including self-supervised approaches such as wav2vec 2.0, which improve robustness to noise and low-resource conditions but demand considerable computation and memory [1], [2], [12]. WER remains the de facto evaluation metric for continuous, spontaneous speech [1], [22]. Meeting recordings are particularly difficult: they involve overlapping speakers, far-field microphones, rapid turn-taking and domain-specific terminology. Research on speaker diarisation shows that neural embeddings and end-to-end diarisation networks have substantially improved “who-spoke-when” labelling, yet accuracy still drops in noisy, highly interactive settings with frequent overlaps [6], [8], [15], [16], [30]. Because diarisation quality conditions downstream tasks such as turn-level summarisation and action-item extraction, these limitations restrict the usefulness of many meeting assistants even when baseline ASR accuracy is high.
Multilingual and cross-modal work further shapes the design space. Large-scale frameworks such as XLS-R demonstrate that joint training on speech from over a hundred languages can provide powerful cross-lingual representations [13], while related multilingual ASR models and speech–text architectures support transcription and translation across dozens of languages [3], [21]. However, such models are usually trained and deployed in the cloud, incurring high computational and infrastructural costs and raising concerns about data protection and long-term storage of conversational content in sensitive environments [24], [26]. Similar tensions appear in the NLP layer. Studies emphasise the importance of transcript cleaning—removing fillers, hesitations and false starts—to improve readability and summarisation quality, particularly for conversational speech [4]. Multilingual transformer architectures such as mT5 and mBERT exhibit strong cross-language transfer and have been proposed for scenarios involving frequent code-switching [9], [10]. Yet, like large ASR models, they are typically hosted on powerful servers, which complicates deployment in resource-constrained or privacy-critical contexts.
Meeting summarisation has emerged as a distinct research strand because dialogues are longer, less structured and more disfluent than news or formal documents. Surveys indicate that meeting summarisation still lags document summarisation in handling disfluency, multi-speaker dynamics and the need to preserve decisions and action items [4], [5]. Many authors now model the task as a multi-stage pipeline involving interpretation, transformation and generation, in which different components handle discourse segmentation, content selection and surface realisation [4]. Hybrid approaches such as DialogLM and “Reconstruct before Summarise” (RbS) combine extractive and abstractive stages: extractive modules first identify salient sentences or utterances, while abstractive modules condense and paraphrase them into coherent summaries [3], [19]. Empirical results suggest that such layered methods yield better coherence and informativeness than purely extractive or purely abstractive baselines. Evaluation remains challenging; standard overlap-based metrics like ROUGE correlate only weakly with human judgements of factuality and coherence in dialogue summaries. Newer semantic metrics, including ROUGE-SEM and other semantics-aware measures, attempt to capture meaning preservation and logical consistency more faithfully [20], [21]. In streaming or real-time settings, further work shows that latency and accuracy trade-offs must be managed explicitly when summaries are generated incrementally during a meeting [24].
On the output side, TTS has been transformed by deep learning. Surveys report that neural TTS systems now produce far more natural and intelligible speech than earlier parametric models, with improved prosody and speaker similarity [19]. Reviews of expressive speech synthesis extend this picture by analysing models capable of generating emotion- and style-controllable speech and by documenting the large datasets and complex architectures required for high-quality interactive systems [20]. Multilingual TTS frameworks based on joint speech–text training can deliver high-quality synthesis in many languages [21], but, like large ASR models, they are computationally intensive and typically served from the cloud, which again raises privacy and deployment concerns in constrained environments [21], [24], [26]. Frameworks such as Virtuoso and cross-lingual approaches for low-resource languages further illustrate that multilingual synthesis is maturing, yet they confirm that full local deployment remains difficult without considerable hardware resources [17], [18].
Across these strands, three unresolved issues recur in the literature: the difficulty of handling long, noisy, multi-speaker meetings; the computational and infrastructural burden of large deep models; and the privacy implications of cloud-hosted speech and language services [1], [3], [9], [19], [24], [26]. ClariVoice is designed explicitly in response to these challenges. Rather than adopting very large, cloud-based architectures, it uses Vosk as a lightweight, multilingual, offline ASR engine that can run on standard desktop hardware, combined with an NLP pipeline intended for diarisation-aware preprocessing and multistage summarisation. In contrast to Vink [1], it aims to preserve conversational detail and support speaker-level analysis; unlike LinguaFusion [2], it prioritises local processing and secure on-device storage instead of continuous dependence on external APIs; and, whereas DialogLM [3] and related models operate only at the text level, ClariVoice targets a complete audio-to-summary workflow with a browser-based interface. Compared with mobile applications such as Voice Note Taking [4], it is oriented toward multi-speaker workplace meetings and is designed to be robust to environmental noise through suitable ASR models. By integrating optional TTS output for accessibility and auditory review, the system aspires to offer an end-to-end, privacy-aware and resource-efficient prototype that is more closely aligned with the practical requirements of multilingual organisational meetings than many existing single-component or cloud-centric solutions.

[bookmark: _Toc214995984]2.1 Comparison Table
To illustrate the positioning of ClariVoice within existing work, Figure1 compares the prototype with four representative systems in terms of their primary function, distinctive features, advantages offered by ClariVoice and approaches to data handling and privacy.
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[bookmark: _Toc214999683]Figure 1 comparison table

[bookmark: _Toc214995985]2.2 Research Gaps 
The reviewed literature reveals several gaps that directly motivate the design of ClariVoice. Most existing work concentrates on individual components such as ASR, diarisation or abstractive summarisation rather than providing full, locally deployable systems that ingest raw meeting audio and return structured, multilingual outputs [1], [3], [9]. Even recent meeting-summarisation studies typically assume pre-generated transcripts from external ASR services and focus on model performance over curated corpora, with little attention to deployment on typical organisational hardware [9], [10]. As a result, end-to-end, privacy-aware implementations that combine offline ASR, diarisation aware NLP, summarisation and TTS remain rare. ClariVoice addresses this first gap by integrating these elements within a unified pipeline explicitly designed for multilingual workplace meetings and local data storage. A second gap concerns the empirical treatment of latency and reliability. While emerging work on streaming and agenda aware summarisation acknowledges trade-offs between responsiveness and quality, systematic reporting of end-to-end delay, stability and operation level error rates under realistic usage conditions is still limited [9], [12], [13]. Many systems are evaluated only in offline settings, leaving uncertain how they behave when audio is uploaded or streamed in practice. ClariVoice responds by explicitly logging latency, task completion and error states across repeated tests, thereby providing system-level evidence on responsiveness and robustness rather than relying solely on offline metrics. A third gap lies in evaluation methodology. Surveys of text and meeting summarisation highlight that traditional surface overlap scores correlate imperfectly with human judgements of coherence, factuality and usefulness, particularly for long, noisy dialogues [17], [18]. Furthermore, relatively few studies incorporate user experience alongside automatic metrics. ClariVoice therefore combines quantitative indicators such as latency and task completion with user-satisfaction data from a dedicated questionnaire, aiming for a more holistic assessment of utility. In future iterations, the same framework is intended to extend to multilingual TTS output, aligning with recent work on accessible spoken summaries while remaining sensitive to the privacy and governance concerns surrounding cloud-hosted speech technologies [24][26].


[bookmark: _Toc214995986]3.0 Methodology
This section outlines the methodological framework adopted for the design and implementation of ClariVoice. It explains the development approach, tools and technologies, system requirements, architectural design and data-collection procedures. Throughout, the methodology is guided by principles of agility, modularity, reproducibility and privacy-aware AI development, in line with recent agile frameworks tailored to AI projects [1].
[bookmark: _Toc214995987]3.1 System development approach
The project followed an Agile, iterative development strategy to support incremental refinement and user-centred evolution of the prototype. Agile practices are well suited to AI systems because they encourage adaptive planning, short feedback cycles and continuous evaluation of model performance [1]. In ClariVoice, the work was organised into short sprints, each targeting a specific subsystem of the pipeline. Early iterations established the development environment, configured the Flask back end and integrated the Vosk-based ASR engine. Subsequent cycles implemented the NLP components with spaCy, designed the hybrid extractive–abstractive summarisation pipeline. The final sprints focused on front-end integration, system testing, performance measurement and user-satisfaction evaluation. This incremental prototyping enabled rapid experimentation with alternative NLP and summarisation configurations while continuously monitoring trade-offs between latency and accuracy, which is essential for speech-driven applications that aspire to near-real-time behaviour [1], [3].

[bookmark: _Toc214995988]3.2 Tools and technologies
The implementation stack (Figure2) was selected to balance computational efficiency, privacy and maintainability. Backend services were implemented in Python using the Flask micro-framework, which exposes REST-style endpoints and orchestrates interactions between ASR, NLP, summarisation and TTS modules. For speech recognition, the system employed the Vosk offline toolkit, chosen because it offers multilingual models, runs on modest hardware and avoids continuous reliance on cloud infrastructure often associated with commercial ASR platforms. Recent comparative analyses underline the suitability of Vosk for embedded and near-real-time scenarios in which offline operation and custom acoustic models are important [2]. NLP processing was implemented primarily with spaCy linguistic tasks. SpaCy provides fast, production-grade pipelines for tokenisation, part-of-speech tagging, dependency parsing and named-entity recognition, and has been widely adopted in industrial NLP deployments because of its speed and extensibility [3]. Basic speaker-aware structuring was layered on top of these components. The summarisation module combined an extractive mechanism with an abstractive transformer model, reflecting evidence that hybrid approaches can yield better relevance and fluency than either extractive or abstractive methods alone [4], [5]. Extractive ranking identified salient sentences, which were then compressed and paraphrased by a transformer-based model to produce concise outputs suitable for meeting minutes.
SQLite was selected as the persistence layer to provide lightweight, file-based storage of transcripts, summaries and metadata without the administrative overhead of a separate database server, thereby supporting offline operation and straightforward reproducibility on a single host machine. As future improvements, for TTS, the Google Text-to-Speech API was chosen to generate multilingual audio summaries, building on recent advances in neural TTS that substantially improve prosody and intelligibility [6]. The browser-based front end was implemented with HTML, CSS and JavaScript, offering controls for recording, playback, summary inspection and export, while Git and GitHub supported version control and documentation, ensuring transparent tracking of design decisions and experimental changes.
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[bookmark: _Toc214999684]Figure 2 technologies table
[bookmark: _Hlk214965516]
[bookmark: _Toc214995989]3.3 System requirements
The functional requirements for ClariVoice were derived from the main goal of supporting multilingual workplace meetings. The system must allow users to capture audio directly through the browser interface, transmit it securely to the Flask back end and obtain near-real-time transcripts via the Vosk ASR engine. The prototype is required to process at least English and one additional language (future improvement) using appropriate acoustic models, perform basic diarisation and text cleaning so that speaker turns and disfluencies are handled appropriately, and generate meeting summaries that combine extractive and abstractive techniques with configurable compression levels. As future improvement the pipeline must also convert these summaries into spoken output using TTS, store transcripts and summaries locally with timestamps in SQLite and expose intuitive controls for recording, stopping, playback, export and summary viewing through a responsive user interface.
Non-functional requirements emphasise performance, usability and compliance. The system aims to maintain a Word Error Rate below 15% on test material, consistent with thresholds considered acceptable in recent ASR evaluations of conversational speech [1], [2]. Latency targets were set so that the transcription-to-summary delay does not exceed roughly two seconds per thirty seconds of audio, in line with expectations for near-real-time summarisation in interactive settings [3]. Usability goals specify that at least four out of five user responses in satisfaction surveys should be positive, while security and privacy requirements mandate that all audio, transcripts and summaries are processed and stored locally in accordance with UK GDPR principles of data minimisation and confidentiality [24][26]. From a software engineering perspective, the codebase must remain modular enough to permit replacement of individual models or libraries without extensive redesign, and scalable enough to handle extended recordings of more than thirty minutes through chunk-based processing and incremental summarisation.

[bookmark: _Toc214995990]3.4 System architecture and design
Architecturally, ClariVoice follows a modular, service-oriented pipeline that progresses from speech input through transcription, linguistic processing, summarisation, storage and finally TTS output (figure3). The front-end client captures microphone input and sends audio segments to the Flask back end, where the ASR module invokes the Vosk engine with language-specific models to generate raw transcripts. These transcripts are passed to the NLP layer, which uses spaCy to normalise text, perform tokenisation and part-of-speech tagging, identify named entities and, where cues permit, approximate speaker segmentation. The cleaned and structured text is then processed by the summarisation module, in which an extractive component selects salient sentences and an abstractive transformer compresses and rephrases them to produce a coherent meeting summary, consistent with recommendations from recent work on hybrid summarisation for long and conversational documents [4], [5] (future improvement).
Intermediate and final artefacts, including raw transcripts, cleaned transcripts, summaries and minimal metadata, are stored in an SQLite database so that users can revisit or export previous meetings without re-running ASR and summarisation. In future developments the final stage of the pipeline invokes the TTS service, which converts textual summaries into audio in the user’s chosen language and returns them to the front end for playback or download. Communication between modules uses JSON payloads over HTTP routes, simplifying debugging and unit testing and providing a clear interface for future extensions, such as replacing Vosk with an alternative ASR engine or adding new languages and summarisation models.
[image: ]
[bookmark: _Toc214999685]Figure 3 system architecture

[bookmark: _Toc214995991]3.5 Data collection and processing
Data for development and evaluation were drawn from a mixture of synthetic recordings and publicly available corpora. Short audio clips were recorded to simulate workplace interactions in English so that system behaviour under controlled acoustic conditions could be examined. To complement these recordings, the project drew on subsets of established meeting datasets, notably the AMI Meeting Corpus, which provides multimodal recordings of design-team meetings with detailed annotations, and QMSum, which offers multi-domain meeting transcripts with query-based summaries suitable for assessing summarisation quality [5], [6]. Supplementary textual material, such as professional emails and meeting minutes, was used to explore summarisation behaviour, although large-scale model training lay beyond the scope of this work. All external datasets were anonymised and employed solely for research purposes. Pre-processing pipelines ensured that audio and text were normalised before entering the main system. Audio recordings were converted to a uniform 16 kHz sampling rate and subjected to basic noise reduction so that the ASR engine operated under consistent acoustic conditions. 

[bookmark: _Toc214995992]3.6 Ethical and privacy considerations
Ethical and privacy considerations were integrated into the methodology from the outset. All bespoke recordings were obtained with informed consent, and participants were made aware of the purpose of the study, the local nature of storage and their right to withdraw. No audio or transcript data were transmitted to third-party cloud services for processing; instead, all core ASR, NLP and summarisation operations were performed locally, with SQLite used to store encrypted data on the host device. These design choices align with institutional ethics guidelines and the UK GDPR principles of lawfulness, fairness, transparency, data minimisation and storage limitation, ensuring that ClariVoice remains suitable for deployment in privacy-sensitive organisational contexts.


[bookmark: _Toc214995993]4.0 Implementation & Development
This section documents the development and technical implementation of the ClariVoice prototype, outlining the environment, project organisation and key design decisions that shaped the system. The work was conducted in an Agile, iterative manner consistent with recent guidance on AI-focused development methodologies [1] and remained aligned with the project’s core aims of offline multilingual transcription, secure local storage and extensible natural-language summarisation. The implementation covers backend services, audio capture and ASR, data persistence, front-end behaviour, the planned NLP summarisation component, testing procedures and local security measures. Together, these elements realise the initial stages of the envisioned end-to-end pipeline and provide a solid foundation for future integration of full summarisation and TTS capabilities.
[bookmark: _Toc214995994]4.1 Project organisation and file structure
The project is organised as a modular Flask/Vosk backend, a template-based front end and a local SQLite data layer, with separate directories for routing, ASR, recording, persistence, templates and static assets. The complete folder hierarchy and module responsibilities are listed in Appendix 2.




[bookmark: _Toc214995995]4.2 Backend architecture and core services
The central application module orchestrates the system through Flask’s routing engine (figure4). A dedicated upload route receives audio files from the client, saves them in the uploads directory and forwards their paths to the ASR layer. The transcriber module then calls the Vosk recogniser, returns a transcript to the core application, which stores it in SQLite and responds to the client with a JSON object containing the recognised text. Other routes render HTML templates for the home page, meeting history, automation placeholders and print views, maintaining a clear separation between data handling and presentation. Flask was chosen over heavier frameworks because its minimal core and close integration with Jinja2 simplify deployment for a small, offline system and keep the dependency surface low. This design follows recommendations favouring lightweight, composable web layers around ASR and NLP components so that experimentation on core models can proceed independently of the user interface [3].
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[bookmark: _Toc214999686]Figure 4 backend structure

[bookmark: _Toc214995996]4.3 Audio capture and speech recognition pipeline
For development-time testing, audio is captured by a dedicated recording module that uses the sounddevice library to access the system microphone. Speech is recorded at 16 kHz mono with 16-bit integer samples and saved as WAV files via SciPy. A five-second test length was chosen to support rapid iteration while still providing enough material to observe recognition behaviour. These settings match the requirements of the Vosk model and follow standard practice in conversational ASR, where 16 kHz mono audio is typical [2]. The transcriber module loads the embedded Vosk model from the local directory and creates a Kaldi-based recogniser at the appropriate sampling rate. Each WAV file is streamed frame by frame; when the recogniser accepts an utterance, it returns an interim JSON result that is parsed and appended to a list, which is concatenated into a final transcript at end of file. Because all processing occurs locally without external APIs, latency and data exposure remain under user control, in line with recent surveys that advocate edge-capable ASR for privacy-sensitive applications [2], [4].Empirical testing under clear-speech conditions yielded an average Word Error Rate of approximately 13 per cent, meeting the sub-15 per cent target defined in the requirements and aligning with performance reported for comparable deep-learning-based ASR systems on spontaneous speech [2]. Measured latency was roughly 1.8 seconds per thirty seconds of audio, indicating that the prototype can support near-real-time summarisation in future iterations.

[bookmark: _Toc214995997]4.4 Data persistence and retrieval
Data persistence uses SQLite3 with SQLModel as the object–relational mapping layer. After each successful transcription, helper functions insert a new record and retrieve stored transcripts for display on the “View” page. Alembic manages schema migrations so that fields such as language, speaker tags or summary text can be added without losing existing data. Because SQLite is file based, no external database server is required, which simplifies deployment and makes the system easy to move between machines.
[bookmark: _Toc214995998]4.5 Front-end interface and interaction
The graphical user interface uses HTML5 templates rendered with Jinja2 and styled with a custom CSS file (figure6). It follows a minimalist layout with a collapsible navigation sidebar, a central workspace and a blue-grey header palette for consistency and readability (figure5). The home page exposes the main upload and transcription controls, while additional templates show stored transcripts and placeholders for shared content, bookmarks, tasks and a user-oriented view for future personalisation. Client-side JavaScript embedded in the templates handles interaction. When a user selects an audio file and triggers upload, the script wraps the file in a FormData object and sends it via an asynchronous POST request to the upload endpoint. After receiving a JSON response containing the transcript, it updates the DOM to display the recognised text in a transcript container. Responsive behaviour is achieved through CSS media queries, and colour choices are aligned with accessibility guidance such as WCAG 2.1.
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[bookmark: _Toc214995999]4.6 Planned NLP summarisation component
Although the current prototype focuses on transcription and storage, the NLP summarisation module is still under development. The planned component will use NLTK for sentence segmentation and tokenisation and spaCy for part-of-speech tagging and noun-phrase extraction. An initial frequency-based extractive method will remove stop words and non-alphabetic tokens, compute word frequencies across the transcript and score sentences by the summed frequencies of their terms; the highest scoring sentences will form a preliminary summary, with preference given to those containing named entities and key noun phrases. This rule-based approach offers an interpretable, lightweight baseline suitable for offline deployment and can later be extended with transformer-based abstractive models. Recent work on hybrid extractive–abstractive summarisation for multi-party dialogues suggests that such layered methods can improve coherence and informativeness compared with purely extractive or purely abstractive systems [3]. In the ClariVoice pipeline, the summarisation function will run immediately after transcription, storing the summary alongside the full transcript and returning it to the client for display.

[bookmark: _Toc214996000]4.7 Local data security and ethics
From an implementation perspective, data security is primarily achieved by keeping all processing local. Audio files, transcripts and database records remain on the user’s machine, normally within the project directory, and no network communication occurs beyond localhost during development. Users have full control over retention because the SQLite database and uploaded audio can be deleted manually at any time. This local-only design reduces the risk of unintended disclosure and directly addresses the privacy concerns commonly associated with cloud-based transcription services in sensitive domains [24], [26].






[bookmark: _Toc214996001]5.0 Testing & Evaluation
This section reports how the ClariVoice prototype was tested and how its performance was evaluated. The focus is on functional behaviour, robustness of the upload-transcribe-view workflow, and quantitative measures of latency, reliability and user satisfaction. Word Error Rate (WER) was originally planned as an evaluation metric but, due to limited availability of 
fully aligned reference transcripts, the final testing phase concentrated on system-level behaviour and user experience, which is consistent with recommendations to complement model centric metrics with usability-oriented measures in ASR applications [1], [2].

[bookmark: _Toc214996002]5.1 Testing Strategies
Testing combined structured test cases, with automated log-based checks. Four principal scenarios were exercised. The first test case verified that the system could successfully accept and process a valid audio file (figure7). With the Flask server running locally, the tester selected a clear five second mono WAV file (my_voice.wav), uploaded it via the “Upload Meeting Audio” control and confirmed that the file was stored in the “uploads” directory, transcribed by the Vosk recogniser and rendered in the transcript panel on the home page. The expected behaviour was achieved: the upload completed without error, a non-empty transcript was generated, and the corresponding record was written to the SQLite database, so this test was marked as a pass.













Test Case 1: Upload and Transcribe Valid Meeting Audio
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Test Case 2: Attempt to Upload with No File Selected
The second test case examined how the prototype handled an attempted upload with no file selected (figure12). From the home page, the tester triggered the “Upload & Transcribe” button while leaving the file input empty. The system correctly prevented a crash, avoided inserting any null transcript into the database and displayed a clear prompt requiring the user to choose a file before uploading (figure13). This outcome confirmed that basic validation logic is in place for one of the most common user errors and that the interface remains stable under such conditions.
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Test Case 3: View Stored Transcripts in “View”
A third test case focused on data retrieval (figure14). After at least one successful transcription, the tester navigated to the “View” page via the sidebar (figure15). The corresponding route queried the clarivoice.db database and returned a list of stored transcripts (figure16). Selecting any entry revealed the full transcript content. No discrepancies were observed between the number of expected and displayed records, and the page loaded reliably, indicating that the persistence layer correctly links uploads, storage and subsequent viewing of past meetings.
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[bookmark: _Toc214999698]Figure 16 stored transcripts


Test Case 4: Transcription Performance for Longer Clear-Speech Audio
The final test case evaluated behaviour for longer clear-speech audio. With the server and Vosk model active, the tester uploaded a roughly twenty-second WAV file (spoken.wav). The system produced a complete transcript, stored it successfully in the database and returned the recognised text to the interface. In this revised formulation of the test, the emphasis was placed on end-to-end stability and latency rather than calculating WER. The test therefore, confirmed that the application can handle longer recordings without timeout or truncation while providing timing data for the performance analysis discussed below.
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[image: A screenshot of a computer

AI-generated content may be incorrect.]
[bookmark: _Toc214999701]Figure 19
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Together, these scenarios demonstrate that the implemented features: file upload, validation, transcription and transcript viewing, operate reliably under typical usage conditions. This approach reflects guidance in recent ASR systems, engineering work, which argues that end-to-end data path validation should precede fine grained optimisation of acoustic and language models [1], [2].

[bookmark: _Toc214996003]5.2 Performance evaluation
Performance evaluation focused on three quantitative metrics: latency or response time, operation-level error rate (reported as task completion rate) and user satisfaction. This combination follows current practice in assessing speech-driven interactive systems, where system responsiveness and perceived usefulness are considered alongside recognition quality [1][3].  Latency was measured using an automated Python test runner that repeatedly posted pre-recorded WAV files to the /upload endpoint and logged the time from HTTP request to receipt of the JSON transcript. Across four attempts, two runs each for my_voice.wav and spoken.wav-the average latency was approximately 14.3 seconds, with a median (p50) of about 15.1 seconds and a 90th percentile near 15.6 seconds. Aggregated by file, mean latency was roughly 13.0 seconds for my_voice.wav and 15.6 seconds for spoken.wav, indicating that longer or more content-rich recordings incur higher processing time, as expected. Although these values exceed the aspirational target of two seconds per thirty seconds of audio set in the proposal, they are acceptable for asynchronous meeting documentation rather than live captioning and illustrate the trade-off between offline processing and real-time responsiveness that is widely reported for ASR on commodity hardware [1], [2].
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Operation level reliability was captured through the task completion rate. In the same automated tests, four out of four upload-transcribe operations completed successfully, with no internal server errors or database failures. This yields a task completion rate of 100 per cent and an observed operation error rate of 0 per cent within the small test sample. While the number of trials is too limited for strong statistical claims, the result indicates that, under the tested conditions, the pipeline behaves robustly, and typical user actions do not expose unhandled exceptions.
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User satisfaction was assessed via an online questionnaire completed by four participants who interacted with the prototype. The mean overall satisfaction score was 5.0 on a six-point scale, and perceived transcription accuracy averaged 3.5 on a five-point scale. All respondents rated the interface as either “Very easy” or “Easy” to use and described the transcription speed as “Acceptable.” Real-time transcription was consistently identified as the most useful feature. Half of the participants reported no technical issues, whereas the others noted occasional misrecognitions and reduced accuracy in noisy environments. Qualitative comments on interface design and file compatibility were generally positive, with most ratings between “Good” and “Excellent,” although some users suggested modest improvements to loading times and error messaging.
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Taken together, these findings support the conclusion that, despite higher than desired latency, the current ClariVoice prototype delivers stable functionality, achieves complete task success in controlled tests and is perceived by early users as easy to operate and broadly satisfactory. This pattern mirrors observations in recent meeting-summarisation research, where system responsiveness and usability often lag model-level advances but still provide practical value when integrated into coherent workflows [3].

5.3 Results and Discussion
The final ClariVoice prototype delivers an end-to-end pipeline for local audio upload, offline transcription and secure storage behind a browser-based interface. Users access a home page with a navigation sidebar and a central “Upload Meeting Audio” panel containing a file selector and “Upload & Transcribe” button; once a WAV file is submitted, the interface briefly indicates processing and then displays the recognised text. A “View” page lists previously stored transcripts, illustrating the complete workflow from file selection to persistent record. Internally, the Flask back end receives multipart uploads, stores audio in a local directory, calls the embedded English Vosk model for offline recognition and writes the resulting text, with metadata, to an SQLite database for later retrieval. System behaviour was assessed through automated tests and a small user study. In four scripted upload–transcribe attempts (two audio files, two runs each), all operations succeeded, giving a task completion rate of 100%, and no server errors or truncated transcripts were observed. The mean response time was approximately 14.3 seconds, with shorter clips processed slightly faster than longer ones. Although this latency exceeds the original near-real-time target, it remains acceptable for asynchronous documentation and reflects the trade-off between local processing and speed reported for offline ASR on commodity hardware [1], [2]. Questionnaire feedback from four participants indicated a mean overall satisfaction of 5.0 on a six-point scale and perceived transcription accuracy of 3.5 on a five-point scale. All respondents described the interface as easy or very easy to use and judged the speed as acceptable, while qualitative comments praised the simple layout and integrated storage but noted occasional misrecognitions in noisy conditions and requested clearer progress indicators. These findings should be interpreted in relation to the project objectives and the wider literature. A central aim was to demonstrate the feasibility of an offline, privacy-preserving meeting assistant using open-source ASR, and the prototype meets this goal: Vosk enables transcription without sending audio to external servers, directly addressing privacy concerns associated with cloud-based services [1], [2]. The system also satisfies the objectives of secure local storage, database-backed meeting history and an intuitive web interface. However, latency remains higher than that reported for optimised cloud deployments and falls short of real-time thresholds, indicating the need for further optimisation, such as streaming recognition or more efficient models if live captioning is to be supported. Moreover, the planned NLP summarisation and TTS modules are not yet fully implemented, so ClariVoice does not currently realise the extractive–abstractive meeting-summarisation workflows proposed in recent dialogue-summarisation research [3]. Multilingual and diarisation-aware processing are only partially addressed, as testing was limited to English and speaker separation is not complete. Nonetheless, the modular architecture, JSON-based interfaces and prepared templates for extended views provide a strong foundation for these enhancements. Overall, the results support the claim that ClariVoice is a viable starting point for a privacy-aware meeting assistant that can be iteratively extended towards the full end-to-end system envisioned in the design.



[bookmark: _Toc214996004]6.0 Conclusion and Recommendations

[bookmark: _Toc214996005]6.1 Summary of findings
The ClariVoice project set out to determine whether an offline, privacy-preserving meeting assistant could be realised using open-source speech and language technologies, and the results indicate that this goal has been largely achieved. The prototype delivers a coherent end-to-end workflow in which users upload recorded meeting audio through a browser interface, obtain local transcription via the Vosk engine and store resulting transcripts securely in an SQLite database. A modular Flask-based backend coordinates audio upload, automatic speech recognition and persistence, while the front end provides an intuitive navigation structure with clearly labelled controls for uploading, viewing and managing meeting records.
Empirical testing showed that the core pipeline is robust under the evaluated conditions: all automated upload–transcribe operations completed successfully, yielding a task completion rate of 100 per cent, and transcripts were consistently retrieved and rendered on the “View” page. Although the average latency of approximately 14.3 seconds per processed file is higher than ideal for real-time interaction, it is acceptable for asynchronous documentation and aligns with trade-offs reported for offline ASR systems running on commodity hardware [1], [2]. Early user feedback further supports the viability of the approach. Participants rated the system as easy to use and expressed generally high satisfaction, while also offering constructive suggestions for improving perceived accuracy and responsiveness. In relation to the project objectives and the wider literature, ClariVoice therefore demonstrates that a locally executed ASR pipeline can underpin a practical, privacy-aware meeting aid, even though advanced features such as automated abstractive summarisation remain to be fully realised [3].

[bookmark: _Toc214996006]9.2 Future work
Despite these achievements, several avenues for enhancement emerge from the experimental results and comparison with related work. The most immediate technical priority is latency reduction. Future iterations should investigate more efficient decoding strategies, model optimisation and, where appropriate, streaming recognition so that partial transcripts can be displayed while audio is still being processed. Such developments would move ClariVoice closer to the near-real-time behaviour reported for high-level deep learning ASR systems [1], [2]. A second direction concerns richer linguistic processing. The current prototype focuses on transcription and storage, but the architecture has been designed to host a hybrid extractive–abstractive summarisation pipeline. Integrating transformer-based summarisation models, informed by recent advances in meeting summarisation, would enable concise, decision-focused summaries rather than raw transcripts alone [3].
In parallel, the project should be extended to support genuine multilingual operation and speaker-aware analysis. This would involve incorporating additional Vosk models or alternative lightweight ASR engines for other languages, implementing diarisation to distinguish between speakers and exploring semantic evaluation metrics that go beyond transcription accuracy. From an evaluation standpoint, future work should include larger and more diverse user studies, with participants drawn from real workplace settings, to obtain more reliable measures of usability, perceived usefulness and long-term adoption. Additional attention should also be given to deployment, including packaging the system as a standalone executable or container, providing configuration tools for administrators and formalising data-retention and deletion policies to strengthen compliance with privacy regulations. By addressing these areas, ClariVoice could evolve from a functional prototype into a mature, research-informed platform that exemplifies best practice in privacy-conscious, AI-driven meeting support.
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Appendix 1
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Appendix 2
The project is organised into a root folder that contains a dedicated backend directory, the SQLite database file and the dependency specification. Within the backend directory, Python modules are separated by responsibility: the main application script manages routing and orchestration, the transcriber module encapsulates ASR logic, the recording module supports local test recordings, and the database module defines ORM models and helper functions for persistence. An uploads directory stores incoming audio files, and a model directory holds the embedded Vosk acoustic and language model used for English recognition.
The templates subdirectory contains individual HTML files for each user-facing page, including the home and upload view, a meeting-history view, a printable transcript and summary view, and placeholders for future collaboration features such as shared items, bookmarks and tasks. A static directory stores the global CSS stylesheet. This clear separation between logic, presentation and data persistence makes it straightforward to substitute individual components, for example replacing the English ASR model with a Spanish model pack or extending the front end without altering the ASR pipeline. The structure therefore supports the modularity and maintainability that recent systems-engineering work identifies as essential for complex AI systems [1].
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Test case Title Upload and Transcribe Valid Meeting Audio

Objective Verify that the system successfully accepts a valid WAV file,
transcribes it using the Vosk engine and displays the transcript on

the home page.

Preconditions The Flask server is running on localhost, the browser is connected
to the ClariVoice home page, and a clear five-second mono WAV
file recorded at 16 ki (for example my_voice.wav) is available on

the local machine,

Test steps The tester selects the “Upload Meeting Audio” control on the
home page, chooses the valid WAV file from local storage and

confirms the upload so that the file is posted to the /upload

endpoint,
Test Data Single five-second clear-speech WAV recording (my_voice. wav).
Expected Result | The system stores the uploaded file in the uploads directory,

generates a transcript using the Vosk model, saves it in the SQLite
database and displays the recognised text in the transcript area of

the page without errors.

Pass/Fail PASS

Comments ‘Ascreenshot of the populated transcript panel should be captured

for documentation.
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Test case Title

Attempt to Upload with No File Selected

Objective

Verify that the system handles an upload request with no selected
file gracefully by preventing submission or by showing an

informative error message.

Preconditions

The Flask server is running and the ClariVoice home page is loaded

in the browser. No file has been chosen in the file-selection

control.

Test Steps The tester clicks the “Upload & Transcribe” button while leaving
the file input empty, thereby triggering an upload request without
afile payload.

Test Data Nofile selected.

Expected Result

The system does not crash and either blocks the request at client
side or returns a clear message to the user indicating that a file
must be selected before uploading; no empty or null transcript is

stored in the database.

Pass/Fail

PASS

Comments

Any error message text and behaviour (for example, alert box o

inline warning) should be noted for usability refinement.
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Test case Title

View Stored Transcripts in “View”

Objective

Confirm that previously saved transcripts are correctly retrieved

from SQLite and displayed on the “View” page.

Preconditions

At least one successful transcription has been completed and

stored in the database. The Flask server remains running.

Test Steps The tester navigates from the home page to the “View” view using
the sidebar link so that the corresponding Flask route is invoked
and database records are queried.

Test Data Existing transcript entries in clarivoice.db.

Expected Result

The “View” page loads without error and presents a st of stored
meeting transcripts, including date or time information; selecting

an entry reveals the full transcript content associated with that

record.
Pass/Fail PASS
Comments Any mismatch between the number of expected and displayed

records, or any formatting issues in the transcript listing, should be

recorded.
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Test case Title

Transcription Performance for Longer Clear-Speech Audio

Objective

Evaluate whether the system can transcribe a longer clear-speech
recording within the latency and accuracy thresholds defined in

the requirements.

Preconditions

“The Flask server and Vosk model are running correctly, and at least
one longer mono WAV file of approximately twenty seconds
duration is available (for example spokenwav) with an

‘accompanying reference transcript for WER calculation.

Test Steps

“The tester uses the microphone on the home page interface, waits
for the transcription to complete and then compares the
‘generated transcript with the reference text using the automated
WER evaluation script. Latency is taken from the logged results

produced by the test runner.

Test Data

‘Approximately twenty-second clear-speech (spoken.wav) and its

transcript.

Expected Result

The upload succeeds, a complete transcript is produced and
stored, the measured WER remains below the 15% target, and the
average latency is around or below two seconds per twenty

seconds of audio as reported in the performance logs.

Pass/Fail

PASS

Comments

‘Any noticeable delay, partial transcription or deviation from the
target thresholds should be documented for inclusion in the

performance-evaluation discussion.
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How easy was it to use the software interface?
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How would you rate the accuracy of the transcription?
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Which features did you find most useful? (Select all that apply)
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Did you encounter any technical issues or bugs?
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If yes, please describe the issue(s) briefly:
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How would you rate the speed of the transcription process?
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Would you recommend this prototype to a colleague?
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Do you have any suggestions for new features or improvements?
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