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Summary:

Speaker Diarization is known as the task that answers the question, who spoke, when in an
audio file or a set of audio files that contain unknown number of speakers. The determination
of speaker segments is done in an unsupervised manner. Our Speaker Diarization system
composed of two main blocks; Speech Activity Detector and Speaker Clustering. In speech
activity detection we propose several solutions including; Phoneme Recognition system,
SVMHMM system and i-vector based system. In speaker clustering area we propose an
enhancement over state of the art techniques as cosine based Hierarchal Agglomerative
Clustering. Such enhancement including enhancing clustering by classification methods as
SVM, DNN and Random Forrest. Finally we investigated enhancing the i-vector
representation via extracting them from a DNN based background model
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Abstract

Speaker Diarization is known as the task that answers the question; who spoke, when
and where in an audio file or set of audio files that contain an unknown number of speakers.
The determination of speaker segments is done in an unsupervised manner. Originally,
Speaker Diarization was proposed as a research topic related to speech recognition. In
recent years, it has been introduced as an independent research topic. Competitions and
workshops have been dedicated to that area. In this thesis, we propose advanced techniques
in Speaker Diarization for Arabic TV broadcast. We focus on Arabic as considered one of
the most complex spread languages and the strongest representative of Semitic languages.
Our Speaker Diarization system composed of two main blocks; Speech Activity Detector
and Speaker Clustering.

In Speech Activity Detection we tackle the problem of speech/non-speech segmen-
tation. We propose two main enhancements in that area; first, a phoneme based speech
activity detector. In the phoneme recognition system, we utilize Speech Recognition
techniques to solve the problem of speech and non-speech discrimination. Developing a
phoneme recognition system could achieve an accuracy of 99% in speech detection and
over 97.2% in non-speech detection. Second; i-vectors for speech activity detection. In that
experiment, we developed a technique based on speaker recognition techniques. We start
by a classification experiment of speech and non-speech using SVM. Classification results
achieved 98% to classify speech and non-speech. Those results were motivating to install
the i-vector technique in our Speech Activity Detection system. We compare the proposed
systems with famous state of the art techniques as SVM-HMM and GMM-HMM.

The second problem we investigate is Speaker Clustering. We started by developing
state of the art techniques in Speaker diarization which currently based on i-vectors
and cosine based Hierarchal Agglomerative Clustering (HAC). In this area, we propose
enhanced clustering technique based on i-vectors and Agglomerative clustering associated
with the supervised classification. We experiment three main classification techniques
SVM, DNN, and Random Forrest. We compare the enhanced techniques with state of the
art techniques. Results show improvement over state of the art techniques using SVM
enhancement by 1.7% reducing Diarization Error Rate from State of the art Baseline
system of 24.4% to 22.67%



Chapter 1: Introduction

The Arabic language is considered one of the most complex languages morphologically.
Due to its variety and lexical sparseness, its speech-related tasks considered difficult
compared to other languages which have already wide speeded tools and scripts. For
example, In Automatic Speech Recognition tasks, English language has already begun
using Kaldi scripts, CMU Sphinx and HTK. In other tasks such as Speaker Verification,
Speaker Recognition, and Speaker diarization, there are LIUM scripts for French broadcast
speaker diarization, Kaldi scripts for English speaker recognition and Sidekit for English
Speaker verification and recognition. In this thesis, we focus our research on tackling
the problem of speaker diarization in Arabic Broadcast TV. Such a problem hasn’t been
studied in depth for Arabic TV broadcast tasks. We investigate in this thesis most of the
researches that have been developed recently in Speaker diarization for other languages
(especially English as the widest spread language in Speech Research). We implement
state of the art algorithms in order to achieve comparable performance with other speaker
diarization systems. Finally, we propose our own enhancements and collaboration to
the area for the sake of developing a better Speaker Diarization system for the Arabic
Language. This research is done with the hope it would be a good reference for researchers
who want to work on the same problem for the Arabic Language.

1.1 Important Notes

e Mel Frequency Cepstral Coefficients MFCCs: The number of cepstral used in
MFCCs during this thesis is 25 unless mentioned other wise. All used MFCCs are
asscoiated with delta and delta delta features giving total feature vector length of 75.

e Frame length: Acoustic Frame length is composed of 10 ms. unless mentioned
otherwise.

e Results: All results obtained in each experiment are on the development dataset of
the MGB-2 Challenge broadcast.

1.2 Problem Definition

The problem this thesis focuses on is Speaker Diarization for Arabic Broadcast News.
Speaker Diarization answers the question of who spoke when and where during an episode
or an audio file containing an unknown number of speakers. Speaker Diarization was
originally a research topic related to speech recognition in order to boost the performance
of Speaker Adaptive Training. However, in the few recent years, it has been an indepen-
dent standing research point for wide range research topics such information retrieval,
navigation and higher level inference. Thus, a wide interest has motivated researchers
to contribute their research in this particular area. Moreover, there have been dedicated
sessions and workshops for Speaker Diarization track. The increase of interest can date
back to 2006 where the first challenge released that focuses on the English Broadcast



