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ABSTRACT: In an increasingly interconnected world, the ability to communicate across languages in real time is vital
for education, accessibility, and cross-cultural exchange. This paper presents a cascaded ASR-MT-TTS pipeline
deployed through a Streamlit-based web app to translate live speech, uploaded audio, and text documents
(PDF/DOCX/TXT). The system follows a structured workflow: preprocessing (audio normalization via PyDub;
document text extraction via docx2txt/PyPDF2), Automatic Speech Recognition (ASR), Machine Translation (MT),
Text-to-Speech (TTS), browser-based playback, and temporary file cleanup. By leveraging free, open-source modules,
the app offers a cost-effective, modular, and easily deployable solution. Unlike many existing tools, it supports
multimodal input and requires no software installation. This democratizes real-time multilingual We analyze system
latency, usability, and limitations, and suggest future enhancements such as incorporating offline models or neural
prosody improvements. Our implementation demonstrates a practical and accessible pathway to bridging language
barriers

KEYWORDS: Automatic Speech Recognition (ASR), Machine Translation (MT), Text-to-Speech (TTS), Multimodal
Translation.

I. INTRODUCTION

In today's globally interconnected environment, breaking language barriers in real-time is essential across numerous
domains like education, healthcare, and international business. While modern platforms—such as Google Meet's
Uninterrupted Translation or Microsoft Teams—offer automated translation, they often rely on proprietary systems and
are typically restricted by subscription or limited scope. To democratize multilingual communication, we present an
open-source, web-based system that integrates real-time translation of spoken language, audio files, and text
documents using a browser-based interface.

Our system follows a classic cascaded architecture—ASR — MT — TTS—which remains robust and interpretable
compared to emerging end-to-end models [1], [2]. Leveraging Streamlit, the application enables interaction through
microphone input, file uploads, and playback, all without local software installation. Key features include:

e Multimodal Input Handling: Supports live speech, audio uploads, and document formats (PDF, DOCX, TXT).

e Preprocessing: Standardizes audio via PyDub and extracts document text using docx2txt/PyPDF2.

e Modular Pipeline: ASR transcribes speech, MT translates text, and TTS synthesizes spoken output, while Streamlit
handles UI and playback.

e Cost-Effective Solution: Built entirely on free, open-source libraries, the system offers a lightweight, accessible
alternative to cloud-dependent services.

Importantly, our system addresses latency and accessibility gaps in existing frameworks and aligns with current
research emphasizing low-latency, cascaded models in speech-to-speech translation. We evaluate its performance
metrics, including latency and transcription error rates, and recommend future enhancements, such as offline ASR (e.g.,
Whisper) and neural prosody adaptation. The proposed architecture offers a practical, modular, and deployable
mechanism for real-time multilingual communication, especially valuable in educational and under-resourced contexts.
Sometimes, cervical cancer has features of both squamous cell carcinoma and adenocarcinoma. This is called mixed
carcinoma or Aden squamous carcinoma. Very rarely, cancer develops in other cells in the cervix.
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II. OBJECTIVES

This work aims to develop an open-source, browser-based translation system that seamlessly integrates speech-to-text,
machine translation, and text-to-speech workflows. The system supports diverse input formats—Ilive microphones,
audio uploads, and PDF/DOCX/TXT documents—and delivers real-time translated audio playback. Additionally, it
evaluates performance using metrics such as WER, BLEU, and end-to-end latency, while ensuring accessibility and
cost-effectiveness with zero reliance on paid services.

III. SYSTEM ARCHITECTURE

The system adopts a cascaded ASR-MT-TTS pipeline, implemented through a Streamlit web interface, to process
live speech, uploaded audio, and text documents in real time.

Input and Preprocessing: Users submit live speech via microphone, audio files, or text documents (PDF, DOCX,
TXT). Audio is converted to 16 kHz mono WAV using PyDub, while document text is extracted using PyPDF2 and

docx2txt.
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Automatic Speech Recognition (ASR): SpeechRecognition with Google’s ASR engine transcribes input audio into
text—forming the basis for translation.

8

Machine Translation (MT): The transcribed text is translated to the target language using the googletrans APIL.
Text-to-Speech (TTS): Translated text is synthesized into MP3 audio via gTTS and streamed back to the user.

User Interface & Resource Management: Streamlit coordinates the user interface and playback, utilizing st.audio()
for output. Temporary WAV and MP3 files are managed and deleted using Python’s tempfile and os modules.

IV. METHODOLOGY
Our system follows a classic cascaded pipeline—Automatic Speech Recognition (ASR) — Machine Translation (MT)

— Text-to-Speech (TTS)—integrated seamlessly within a Streamlit web interface to support real-time translation from
live speech, uploaded audio, or text documents.
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e Input Preprocessing: Audio inputs are normalized to 16 kHz mono WAV using PyDub; text is extracted from
PDF/DOCX/TXT via PyPDF2 and docx2txt.

e ASR: Speech is transcribed into text using the speech_recognition library with Google's speech-to-text engine.

e MT: Transcribed text is translated into the target language using the googletrans API.

e TTS: Translated text is converted into speech (MP3) using gTTS, which is then played in the browser.

e System Integration: Streamlit handles user interaction and playback, while temporary files are managed and
removed using tempfile and os.

This modular cascaded approach offers clear advantages—each stage can be independently updated or debugged, and
error analysis can be localized—while being cost-effective and deployable using only open-source tools. Cascaded
pipelines are widely adopted in speech translation research, offering robustness and flexibility especially when
multilingual corpora are limited.

V .DESIGN AND IMPLEMENTATION

The system is architected as a modular, cascaded pipeline that integrates Automatic Speech Recognition (ASR),
Machine Translation (MT), and Text-to-Speech (TTS) within a web-based interface powered by Streamlit. Users can
submit live microphone speech, upload audio files, or provide text documents (PDF, DOCX, TXT). During
preprocessing, audio inputs are converted to 16 kHz mono WAV using PyDub, while document contents are extracted
via PyPDF2 and docx2txt for consistency and clarity.

The ASR module leverages the SpeechRecognition library in conjunction with Google's speech-to-text engine to
transcribe audio into text. This transcription is then fed into the MT module, which utilizes the googletrans API to
translate the content into the user-selected target language. The translated text is handed off to the TTS module, where
gTTS synthesizes the translated output into MP3 audio for playback.

Streamlit orchestrates the entire workflow, from user interactions and language selection to displaying transcribed and
translated text. It also enables real-time playback of translated audio via its st.audio() component. Temporary audio and
text files generated during processing are managed using Python’s tempfile module and cleaned up promptly through
os.remove(), ensuring resource efficiency and minimal footprint.

This cascaded architecture enhances modularity, allowing independent testing, debugging, and future component
replacements (e.g., swapping out ASR or MT engines). It also supports multimodal input and offers a cost-effective,
installation-free deployment using entirely open-source technologies. The resulting framework serves as a lightweight,
accessible solution for real-time multilingual communication across educational and resource-constrained
environments.

VI. RESULT AND DISCUSSION
1. ASR Performance Evaluation
We measured the Word Error Rate (WER) using a test set of 50 English audio clips. Our system achieved an average

WER of approximately 10%, which aligns well with typical benchmarks for conversational speech recognition (~8—
12%).
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2. Translation Effectiveness
Using the BLEU metric, evaluated on 30 English-to-Hindi and English-to-Kannada translations, the system achieved
an average BLEU score of 0.62, indicating good alignment with human-translated references. While commercial
systems may score slightly lower in BLEU, our results are impressive for an open-source API-based solution.

3. Latency and User Experience
End-to-end latency (from input to audio playback) averaged around 4 seconds on a standard laptop. This performance
is acceptable for conversational use, though not optimal for time-sensitive applications.

4. Usability Feedback
In a pilot study with 10 participants, over 80% found the translated output "clear and easy to understand." Nonetheless,
users noted occasional TTS mispronunciations and reduced clarity with longer sentences.

5. Discussion of Findings

The cascaded pipeline performed reliably across transcription and translation components. Modular design enabled
error isolation and easy maintenance. Despite respectable performance metrics, there is room for improvement—such
as integrating offline ASR models (e.g., Whisper) and advanced neural TTS systems to enhance latency and audio
realism.

VII. CONCLUSION

This paper presented the design, implementation, and evaluation of an open-source, browser-based speech-to-speech
translation system built on a modular, cascaded ASR-MT-TTS architecture. The system supports three distinct input
modalities—Ilive speech, audio uploads, and text documents—delivering translated audio outputs directly in the
browser without requiring any software installation. Performance evaluations across a 50-sample test dataset indicated
strong results: approximately 10% WER for speech recognition, a BLEU score of 0.62 for translation accuracy, and an
end-to-end latency of about 4 seconds. A user study demonstrated high satisfaction (over 80%) while also highlighting
areas for improvement in TTS naturalness and handling longer sentences.

The findings confirm that a modular cascaded approach enables reliable translation quality, ease of debugging, and
deployment using only open-source tools, making it suitable for educational and resource-limited environments. Future
work will focus on integrating offline ASR models such as Whisper to reduce dependency on cloud services, advancing
TTS quality through neural prosody modeling, and extending support to additional languages. Overall, this study
demonstrates a practical, accessible, and efficient pathway to real-time multilingual communication, lowering barriers
to cross-language interaction in diverse settings.
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