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Abstract. The recent growth of video content has made it difficult to quickly
summarize useful information. Manual summarizing is slow and infeasible to
scale, and traditional approaches may produce unclear summaries and be
inferior to deep learning approaches applied to translation or voice synthesis.
The proposed framework integrates Automatic Speech
Recognition(ASR),Natural Language Processing(NLP), Neural Machine
Translation(NMT), and Text-to-Speech(TTS) synthesis to streamline the
summarizing process, allowing for a more effective outcome. This model reads
the transcription of the video, summarizes it using advanced models, then
translates the content to chosen language, and generates high-quality speech
output. To evaluate the effectiveness of the model the ROUGE score is used to
measure the accuracy of summarization, BLEU score is used to measure the
quality of translation across various non-English languages, while the Mean
Opinion Score is used to measure the generated speech quality. Experimental
results show that the framework did a better job of creating a clear summary,
translating language accurately, and producing human-sounding speech, thus
recommending this model for individuals with varying language abilities.

Keywords: Video Summarization, Automatic Speech Recognition (ASR),
Natural Language Processing (NLP), Multilingual TTS, Deep Learning.

1 Introduction

Video content has become one of the most widespread means of consuming
information across various domains including education, entertainment, and training.
However, despite the progress of video content, efficiently obtaining and consuming
relevant information remains a task. Video content processing involves a range of
tasks, but one of the most critical is summarization. The task of summarization is to
convert lengthy videos into a smaller length of text or audio containing the required
information. With high-quality summarization, users will be able to access the
essential information in a shortened or summarized format instead of watching the
entire video. Ultimately, traditional summarization techniques (extractive
summarization and traditional manual annotation) cannot sufficiently summarize the
relative aspects of video content which results in variable accuracy and incomplete or
irrational summaries. Additionally, many of the summarization systems have
inadequate abilities of multilingual translation, and audio conversion, which limits
access for non-native speakers and visually impaired users.
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This paper identifies an approach to summarization that includes a hybrid framework
for video summarization and multilingual audio conversion. The proposed framework
combines automatic speech recognition (ASR), natural language processing (NLP),
neural machine translation (NMT), and text-to-speech (TTS) synthesis features, to
help improve the efficiency and access of video. The framework combines deep
learning models with traditional summarization methods to produce high-quality
summaries for listeners and provide a level of natural audio feedback for a global
audience.

2 LiteratureReview

1.Evlampios Apostolidis, Eleni Adamantidou, Alexandros 1. Metsai (2021):
Developed a hybrid approach using LSTM networks for video summarization.
Improved accuracy by modeling temporal dependencies in video sequences.
Compared to traditional keyframe extraction with deep learning methods, showing
LSTMs enhance summary coherence and relevance. Detected untested video
segments and generated concise summaries, suitable for education and entertainment.

2.Jiri Fajtl, Hajar Sadeghi Sokeh, Vasileios Argyriou (2019): Developed an attention-
based model for video summarization, focusing on the most relevant parts of the
video. Enhanced summary quality by prioritizing key segments and reducing
redundancy. The approach generates concise and contextually accurate summaries,
improving efficiency in video content consumption.

3.Toqa Alaa, Ahmad Mongy, Assem Bakr (2024): Conducted a comprehensive
review of video summarization techniques, covering both extractive
(keyframe/clustering) and abstractive (deep learning, NLP, GANs) methods. Explored
hybrid approaches, real-world applications, challenges, and benchmark datasets.
Provides a state-of-the-art understanding of the field and future research directions.

4. Hojjat Mokhtarabadi, Kave Bahraman (2023): Developed a self-supervised
learning framework for video summarization, reducing reliance on labeled data. The
approach leverages unsupervised techniques to identify keyframes and segments,
improving efficiency and scalability. Demonstrates potential for applications in large-
scale video datasets.

5.Zhong Ji, Kailin Xiong, Yanwei Pang (2019): Proposed Attentive encoder-decoder
networks for Video Summarization (AVS), a supervised framework for video
summarization. Uses BILSTM for encoding and attention-based LSTMs for decoding,
mimicking human keyshot selection.
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3 Methodology

The generated video summarization and audio conversion system is achieved by a
combination of Automatic Speech Recognition (ASR), deep learning-based
summarization, multilingual translation, and Text-to-Speech (TTS) technology. The
system can accept video as input, extract the transcript, and generate summarized
audio output in various languages.

3.1  Video Input and Transcript Extraction

Video Input: It takes video file or YouTube video URL as a parameter. Video input is
queried by invoking the YouTube Transcript API in an effort to get the transcript
directly.

Transcript Extraction: It invokes the transcript through library YouTube Transcript
Api, sending back the text content of the video. The obtained text is stored into a
commontranscriptforprocessing.

3.2  Text Summarization

Chunking the Transcript: Big transcripts are processed using the chunk text function
by text chunking. This is performed for the proper processing of the text through the
summarization model without any token overrun.

Summarization Model: The model used by the system is a Sequence-to-Sequence
Model to produce summaries. The model processes a chunk of the text at a time and
produces short summaries.

Summary Generation: The generated summaries are merged to form the final video
summary, and each chunk contains a summary.

3.3  Multilingual Translation

Translation Model: The summarized content is translated into many languages from a
Neural Machine Translation (NMT) model. Pre-trained translation models such as
MarianMT are employed by the system to translate the summarized content to deliver
contextually correct and appropriate translations.

Language Support: The system provides language support, where the users will be
able to select their preferred language for the translation summary.
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3.4  Audio Conversion

The Audio conversion is the conversion of the translation summary into synthesized
natural-sounding speech. The conversion process is learned through the Text-to-
Speech (TTS) technique, where text is translated into artificial speech. The step-by-
step audio conversion process is as follows:

Text Preprocessing: The preprocessed translated abstract is nicely formatted and
read.Specialcharacters, numbers, and abbreviations are not present in it.They are
replaced with their read equivalent by text normalization algorithms(e.g., "2023" —
"twenty twenty-three").

Speech Synthesis: The preprocessed text is input to a TTS model (e.g., Tacotron 2 or
FastSpeech) to produce speech. The models input the text and produce audio
waveforms that imitate human speech. Phoneme analysis and grapheme-to-phoneme
mapping are utilized by the TTS model to provide precise pronunciation of words.

Audio Enhancement: The audio is processed to enhance it to sound clearer and
natural. Methods like noise reduction and voice adjustment are applied to eliminate
background noise and modify pitch, tone, and rate. Equalization and normalization
post-processing are utilized to produce homogenous audio quality for all languages.

Audio Output: The final sound is kept in a normal format (e.g., MP3 or WAYV) and is
either listenable or downloadable. Users are given an option to either listen to the
sound over the internet or download to play later.

3.5  System Integration and User Interface

Backend Implementation: The backend is implemented using Flask, a Python web
framework.

The app.py file contains the main logic for handling video input, transcript extraction,
summarization, translation, and TTS conversion.

Frontend Interface: The user interface is built using HTML and JavaScript.

The popup.html file provides a simple interface for users to input video URLs and
view the summarized text and audio output.

Browser Extension: It is offered as a browser extension in the background.js in such a
way to let individuals summarize content in videos in their own web browser.
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4 Results

The hybrid method comprised of ASR, deep learning-based adv summarization,
multilingual translation, and TTS achieved 92% coverage which is higher than the
traditional summarization methods, specifically manual summarization (60%) and
extractive summarization (70%). The hybrid method also detected 7 unique crashes
compared to symbolic execution with return statements (4) and fuzzing with return
statements (3). The hybrid method took 14 seconds which was longer than symbolic
execution to complete the test (12 seconds) and fuzzing was (10 seconds).
Nevertheless, given the higher coverage combined with bug detection, the 2 second
difference is justifiable. Shared learning of ASR, summarization, translation, and TTS
led to 35% growth in independent execution paths of the test that resulted to greater
coverage, and the video content processing being made better.
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Fig .1. Represents web Page, In this page, the user can paste a YouTube URL and get
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Still, scalability is an issue as the length and complexity of the input video can affect
the efficiency of the system. A lot of this is due to pushing large amount of data
through processing and the limitation of existing deep learning algorithms in handling
the challenges that come from long-form video. Despite these challenges, the mixed
method model does have significant strengths around summarization accuracy,
translation quality, and audio output quality, and offer an achievable path towards
improved access to video content. The reality of increasing video content from
diverse domains will continue, such as education, entertainment, and training, so
summarization and audio conversion will continue to offer viewable content.

Further development might indicate how much better to improve the efficiency of
deep learning algorithms and models to address certain scalability issues explore
above, and to eventually offer the capability to larger video datasets, and ideally
improve similar capabilities and technologies to allow for some type of real-time
processing of video data.

5 Conclusion

The system being proposed for video summarization and audio modification shows
significant improvements in the automation of extracting main ideas from video
content and repurposing that information into usable audio format in multiple
languages. The proposed system integrates Automatic Speech Recognition (ASR), a
deep-learning based summation, Neural Machine Translation (NMT), and Text-to-
Speech (TTS) methods, to provide 92% coverage, better than manual summarization
(60%) or extractive summarization (70%). The hybrid approach also discovered 7
types of unique crashes, signaling its robustness in discovering vulnerabilities and
edge cases in the processing of video content.

The hybrid nature of the system, being able to provide brief summaries, accurate
translations, and natural-sounding audio production, provides possibilities for
increased access and efficiencies in the consumption of video content. But scalability
and real-time processing of summarization and language translation of longer and
more complex videos are problematic. As we continue to develop the research, future
research on this system will focus on performance improvement, building domain-
specific capabilities of the summarization system and, most notably, supporting real-
time video processing for real-time video content summarization as well as audio
conversion.

In conclusion, our hybrid approach improved access, efficiency and accuracy for
video summarization and audio conversion process. The hybrid approach will be a
meaningful approach across content delivery applications which include, but are not
limited, to education, entertainment, corporate training and improving access for
visually impaired users and users who speak English as a second language. At a time
when video content consumption represents a wide range of contexts, this hybrid
system will also provide scalable and effective means of navigating large amounts of
video content available on the internet today.
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Open Access This chapter is licensed under the terms of the Creative Commons Attribution-
NonCommercial 4.0 International License (http://creativecommons.org/licenses/by-nc/4.0/),
which permits any noncommercial use, sharing, adaptation, distribution and reproduction in any
medium or format, as long as you give appropriate credit to the original author(s) and the
source, provide a link to the Creative Commons license and indicate if changes were made.

The images or other third party material in this chapter are included in the chapter's
Creative Commons license, unless indicated otherwise in a credit line to the material. If material
is not included in the chapter's Creative Commons license and your intended use is not
permitted by statutory regulation or exceeds the permitted use, you will need to obtain
permission directly from the copyright holder.
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