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Abstract
In a world where more than 7000 languages are spoken and the processing and storage power of

machines are maximized, many speech data are produced every day using different languages.
Ambharic is one of the languages spoken in the East African country, Ethiopia. Searching for a
particular spoken word with its respective time frame inside a given audio file is a challenge.

The main objective of this research was to investigate the development of a system that can
search speech and locate utterance with its respective time from the Amharic audio file by using
Ambharic text word query.

In this study, the researchers followed an experimental research methodology. To meet the
research objective, we have conducted an experiment to get the optimal segmentation for which
we can achieve the lowest WER of the ASR system that decodes the segmented speech. We have
also experimented on the use of previously developed speech corpus, which is in a broadcast
domain, together with the in-domain speech corpus, which is the Bible domain; we have
developed for our research. The performance of the ASR obtained by combining the two
different domains shows a better WER than that of using only LVCSR. On the other hand, the
comparison of automatically segmented speech with automatic sentence-like segmentations
shows closer WER with the manually (by hand) segmented speech. Using the optimal automatic
segmentation and LVCSR, the researchers developed a text-based STD which can locate the time
interval upon which the query term is located. The text-based STD was developed with ASR
having a WER of 53% and 46 % using LVCSR and by combining LVCSR and Bible speech
respectively. The developed STD has a Graphical User Interface (GUI) which will make
searching easy to use and friendly. We found that the performance of ASR affects the
performance of STD since not all terms are fully transcribed.

Keywords: Speech segmentation, Spoken Term Detection, Automatic Speech Recognition,

Manual Speech Segmentation
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CHAPTER ONE
INTRODUCTION

This chapter describes the overall background and organization of the thesis, statement of the
problem, research questions and objectives, the methodology employed, and significance along

with the scope and limitation of the study.

1.1. Background

Audio files are generated from different sources like the internet and social media by individuals
and organizations. Moreover, recent technological development in storage space of machines and
their affordable prices make the production and storage of audio files less challenging. Audio
files can now be easily recorded and shared using different mediums or platforms to instantly
reach the public.

With around 7000 languages spoken in the world [1], audio files are available in different
languages. Amharic is the official working language of the government of Ethiopia; an East
African country with a population of over 100 million. Audio data, referring to all audible data in
the frequency range of 20-20,000 Hz, are abundantly found in Amharic language via the various
private, social and government platforms. The audio files are played using audio player software
and social Media like you-tube. Audio players do not have any functionality of searching a
particular word in a speech. However, the general public and organizations use these audio files
to analyze the required information and satisfy their information needs. In doing so, searching for
particular spoken speech saves time and increases effectiveness.

Audio data can be searched by the file name, title, and speech and by using audio search engines
which will retrieve relevant documents as per the users’ need from document collections such as
the internet. However, individuals and organizations are also interested in searching for a
particular spoken word from specific audio file as we are searching a word in a document file.

In accessing information of interest from an audio file, there should be an effective and efficient
mechanism to search for a particular spoken word [2]. This would avoid users from wasting their
time by listening to the whole audio speech.

Audio files can be searched based on the audio type (music, audio and speech), learning

(supervised and unsupervised), query representation, Keyword Spotting (KWS), text based



Spoken Term Detection (STD) and Query By Example Spoken Term Detection (QBE STD). To
search for a particular spoken word, the contents of the audio data have to be identified. Spoken
Content Retrieval (SCR) is the task of returning speech media results that are relevant to an
information need expressed as a user query. SCR focuses on meaning-based relevance ranking
[3]. On the other hand, STD focuses on finding the query term inside the audio file which also
extends to locating the time stamp of the query term. This task requires the implementation of
Automatic Speech Recognition (ASR) [4].

The output of this research work can became an input for other related research so that search
engines developed for Amharic multimedia retrieve relevant files with the respective time frame.
It further enables to highlight the words and locate their time frames within the audio files.

To date, no research has been done specifically on searching user’s text query from Ambharic
audio file. In the absence of such research, all stakeholders like individuals, groups, and
organizations continue having difficulty in gathering relevant information from audio data.
Research was also needed to assess the effect of using either manually or automatically
segmented speech on the ASR performance. The present study was therefore designed to
undertake a comparative study (manually versus automatically segmented speech) and research

on searching for a particular word in an audio file.

1.2. Motivation

The availability of huge amount of information stored in audio and video repositories around the
world increasing interest in Search on Speech (SoS) [5] which focuses on retrieving speech
content from audio repositories that matches user queries; i.e., searching the audio/speech by
either using any term of interest by text or segment of the audio or voice. In addition individuals
and organization wants to search a particular spoken word from a given audio file that can be
found in social medias and any audio file whose content is in Amharic. Therefore there should be
some way that would allow users locate the exact location of the spoken utterance or word

without having to listen to the whole audio file from Amharic audio file.



1.3. Statement of the Problem and Justification

The high prevalence of social media and multimedia in our interconnected global society today
created the need to access different audio files. Individuals and organizations use this audio file
to satisfy their information needs. They may know that the speaker spoke a word but may not
know in which part of the audio file that word is spoken. Automatically locating the part of the
audio file where a particular word is spoken is challenging. Different researchers have conducted
several research in different languages. Since every language has its own feature, the solution to
speech search is language specific.

Individuals and organizations use the multimedia files to satisfy their information needs. This
need will be satisfied if there is a way that will help them to effectively use those information
within the audio files. Users get information through listening the audio file. However, recently
available audio players and social Medias do not allow users to search for a particular Amharic
spoken word from the audio file. If users wants to locate a particular spoken word from a given
audio file, they have to listen the whole audio file from the beginning to the end or have to drag
by estimating at which part of the audio the spoken word is located. For example, to find for a
spoken word A +¢-%¢ /Ethiopia that was spoken in a given audio file having a length n in time,
users might listen to the whole audio file or guess for the spoken word (A +¢-%f) within that
audio file. However, for organizations and individuals especially for those who need to analyze
the audio file, listening for the whole audio file to obtain a particular spoken word is a challenge.
Ambharic audio files are based on contents which are in Amharic language. Languages which are
spoken in Ethiopia including Amharic do have a distinguishing characteristic from other
languages such as English. The existence of glottal, palatal, and labialized consonants makes the
Amharic language different from other languages. In addition, Amharic is one of the inflated
languages [6]. Searching for a particular spoken word from a given audio file is a challenge for
languages that are spoken in Ethiopia: particularly Amharic which has distinguishing
characteristics or property. Consequently, it is not possible to directly use models which are
implemented for other languages including English.

Currently, there are online web applications that allow users to convert a given audio file to an
English text. In addition, the study by K. Kodlekere et.al [7] on Keyword Based Indexing of a
Multimedia File in English language allows users to search for a particular spoken speech using

text and display the time frame and the utterance. However, no research has been done on



searching or locating the time frame interval of the spoken word (utterance) from the audio file

in any Ethiopian languages.

Previous research towards the development of an Amharic audio search engine [8] focused on

how to retrieve relevant audio documents as per the users query. On the other hand, research

conducted on the development of a search engine for other languages showed capability for

searching the audio and video content by converting the audio/video file in to a simplified time-

marked stream of text [9].

With the increase interst on SoS , Spoken Term Detection (STD) a type of SoS that helps to

retrieve speech data through using text as a query word that represents a particular speech

utterance [10]. Besides this, the study on searching for speech remains on its infancy [11].

The development of such a system requires us to develop at least three components: speech

segmentation, speech recognition and text-based search engine unless we develop a system that

can search directly on the speech signal. The development of these components is language-

dependent. Currently, even if there are applications which are developed by using ASR,

performance improvement is needed for tasks such as speech search as noted by Yifiru et al.

[12].

In researching the development of a system that can accept a text word query from a user, we

need to investigate the development of the three components. 1) The development of an optimal

speech segmentation to be recognized by the ASR component; 2) To investigate the

improvement of the ASR performance on automatically segmented, which may have wrong

segmentation, speech; and 3) To investigate the development of a search engine that searches

users query in recognized files, which may have recognition errors.

At the end of the present study, the following research questions were aimed to be answered.

1. What is the effect of manually and automatically segmented test speech on ASR
performance?

2. What is the effect of ASR recognition errors on searching the recognized text?

3. What is the effect of ASR recognition errors on searching using different domains?



1.4. Objective

1.4.1. General Objective
The general objective of this research is to investigate the development of a system that can
search speech utterance with its respective time interval from the Amharic audio file by using

Ambharic query text.

1.4.2. Specific Objective

e To undertake literature search on the topic and have a thorough understanding of the
problem as well as getting an insight on the methods used to solve a problem.

e To explore audio searching techniques and applying the suitable searching technique for
Ambharic speech audio data.

e To prepare training and test speech (automatically and manually segmented speech)
corpus for ASR development.

e To develop ASR using automatically (prepared by ourselves) and manually (adopted
from previous research work) segmented training speech corpus.

e To compare the performance of the developed ASR systems on automatically segmented
and manually segmented test speech.

e To develop Large Vocabulary Continuous Speech Recognizer (LVCSR) acoustic model
by adopting already available training speech corpus and by combining the LVCSR with
Bible speech corpus.

« Tointegrate the ASR systems with java (indexing or alignment).

e To develop text-based STD that will search and locate time of the query word.

o To evaluate the performance of text-based STD.

1.5. Methodology
In order to conduct this particular research work, different techniques and methods were used to

meet the above-mentioned objective.

This thesis work includes the development of two ASR systems. The first ASR system was used
for the comparison of automatically and manually segmented speeches. This recognition system

is developed using a Bible speech corpus that we collected from you-tube and respective
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transcription text from online web resources. In addition to the web resources, we also used
manually segmented Bible speech from the research work done by Mekonen [13]. This allowed

ASR comparison using manually versus automatically segmented speech.

The second recognition system was used in the development of text-based STD. The system was
developed by adopting the LVCSR news corpus prepared by Abate et. al. [14].

1.5.1. Segmentation
Speech segmentation is a process of decomposing a long speech signal into shorter length [15].
Python’s pydub package will be used for automatic speech segmentation [16]. This package will

segment the audio file on every frame using silence.

1.5.2. Searching

Searching for a particular speech from a given audio file can be done using different techniques
such as STD, QBE STD and keyword Detection [10]. Since our main research interest is on
searching a particular spoken speech from a given audio file by using Amharic text as a query

word, we used the text-based STD as a searching technique.

1.5.3. Development Tools and Techniques

There are lots of ASR development toolkits. Out of which in this particular thesis work we used
CMU Sphinx which is an open-source ASR development toolkit. Sphinx4 (which is a pure Java
speech recognition library that provides a quick and easy API to convert the speech recordings
into text with the help of CMU Sphinx acoustic models) [17] . This library/API can easily be
accessed by java which is selected as the most popular object-oriented programing language in
2020 [18] . Using java, the Sphinx4 and pythons pydub package we integrated different
components. The basic and intermediate result of the integration was the task of alignment which

is the component of text-based STD that could be easily searched using query.



1.6. Significance of the Study / Expected Benefits

e Since there is no prior research made on the effect of automatically segmented test speech on
the performance of ASR on Amharic language, the finding of this research adds knowledge
in understanding the effect of automatically and manually tests speech recognition of ASR.

e The result of this research will enhance multimedia information retrieval. Since Multimedia
information retrieval systems retrieve only the relevant document, the result of this research
will enhance and add additional feature to retrieve not only relevant documents but also the
time frame in the document where the user search query is located.

e The speech corpus we prepared in achieving our research goal can help other researchers in
doing the same or different research on Amharic ASR.

e The other benefit of this research is that it helps to view the effect of searching speech using
query with the developed recognition error.

e Text-based STD can also help users to easily search a particular spoken term within a given
audio file.

e The result of this research can help to develop applications to search and display the time

interval where the spoken speech is located.

1.7. Scope and Limitation of the Study

The scope of this research is to show the performance of ASR on using manually and
automatically segmented test speech and then developing text-based STD using bible and
broadcast speech domains. Since we have a limited time and costly we used automatically
segmented training Bible speech corpus for ASR performance comparison. The text-based STD
system development was limited to showing and locating the time interval upon which the
spoken word is located. Searching for a given user query word also doesn’t include word sense
disambiguation. On the other hand, the system was also limited to searching word using
continuous speeches which didn’t have any background music or nose. Searching the word query
also does not include tasks like Amharic steaming rather perform exact matching of the query

word.



1.8. Organization of the Thesis

The thesis is organized as five chapters including the presentation of the introduction section as
Chapter-1. Chapter-2 presents literature review which includes the general overview that can
help in understanding the problems and approaches. In Chapter-3, the methodology and clear
steps that are followed to solve our problem statement are outlined. Chapter-4 covers
experimental as well as result and discussion sections. Finally, conclusions and

recommendations are presented in Chapter -5.



CHAPTER TWO
LITERATURE REVIEW

2.1. Amharic Language

Ambharic is one of the Ethio-Semitic languages, which belongs to the Semitic branch of the Afro-
Asiatic family that has the second large number of speakers in the world after Arabic. It is one of
Ethiopia's most widely spoken Semitic languages, with at least 27 million native speakers [19].
The majority of the speakers of Amharic can be found in Ethiopia, but there are also a number of

speakers in other nations, such as Israel, Eritrea, Canada, the USA and Sweden [20] [21].

2.1.1. Amharic Writing System

Unlike other sematic languages such as Arabic and Hebrew, Amharic is written from left to
right. Present-day Ambharic has acquired its composing framework from Ge'ez /ga’0zs, which is
still the classical and ministerial dialect of Ethiopia and uses a graphme based writing system
called fidel /fidalo/ [20] [21] [22].

Ambharic symbols are categorized into four different categories consisting 276 distinct symbols;
these are core character, labiovelar, labialized and labiodental. Sample list of Amharic core

characters are shown in Figure 2.1.

Order

1st 2nd 3rd 4th 5th 6th 7th

2 u [ a e [ )
h v v 7 7 % v 3
| Q i 0. A 0 [\ e
m ap av- . a a3 o qn
s w w- vy, v v, P ¥
r 4 é 2 & C [
S a (- (. q 0, a 10

Table2. 1. Shows Sample Core Characters Used in Amharic Writing System with their Seven
Orders.




2.1.2. Distinguishing Characteristics from other Languages (Amharic)

By nature, Amharic language has distinguishing characteristics from other languages which are
spoken around the world. To begin with, Amharic has its own writing system which is based on
phonetics. Also, Amharic language has its own characteristics of phonetics and phonological
properties [6].

2.1.2.1. Amharic Phonology
The study of speech sounds used in various languages around the world is known as phonetics
[6]. Amharic has thirty-one consonants which are generally classified as stops, fricatives, nasals,

liquids, and semi-vowels.

Those sounds that are not found in English like & are glottalized sounds. The existence of palatal
consonants such as d[S] and dental consonants like -[t], lablized consonants which are
pronounced by a slight round of the lips (#w), loan words a[v] and the existence of geminated
words make the language to have a distinctive characteristic from any other languages. The
Ambharic language has a total of 38 phones, including seven vowels and thirty-one consonants
[23].

2.1.2.2. Consonants

Out of the 31 Amharic consonats, few of the Amharic consonants have similar phonetic
transcriptions like English. These include -1 [b], & [d], & [f], @2 [9], v [h], b [K], & [1], 9° [m], 7
[n], T [pl, ¢ [r], & [s], *+ [t], n @]w], [y] and H [z]. They correspond to English consonants
b,d,f,g,h,k,I,m,n,p,r,s,t,v,w,y,and z. In addition there are consonants that sound the same as
English sounds but are represented using different symbols. These symbols includes + [ch], %
[nx], @ [sx] and Tr[zx]. Moreover there are also sounds which are the characterstics of Amharic
but not found in English are & [px],T [tx],6 [xx],s#[cx] and ¢ [q] [19] [13].
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Manner of | Voicing Labials | Alveolar Palatals | Velars | LabioVelar | Glottals
articulation
Stops Voiceless |p [T [T |T k |h [ kwa | ™ Ax |0
Voiced b [0 |D |% g [T |gwa |7
Glottalized | px | & |Tx | T q [® [qwa |#%
Fricatives Voiceless | f ¢ |S |0 sx |0 H Y
Voiced z z M |zx |7
Glottalized XX | & Hwa | ™
Affricatives | Voiceless c |T
Voiced i | %
Glottalized cx | P
Nasals Voiced m [ [N [? nx |7
Liquids Voiced L &
Voiced R |[C
Glides w | & y L

Table2. 2 Categories of Amharic Consonants [24]
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2.1.2.3. Vowels

Amharic has a total of seven vowels, including five of the most common vowels (a, e, | 0, and u),
as well as two additional central vowels (E and 1) shown in Table 2.2 [6] [23]. Vowels can be
depicted in terms of the height of the tongue (high, mid and low), the horizontal position of the

tongue (front, central and back) and the condition of the lips (rounded and unrounded) [25] [26].

Front Central Back
High aJi] A[l] A [u]
Mid - t [e] A [o]
Low - hla] -

Table2. 3 Categories of Amharic Vowels

2.1.2.4. Amharic Morphology

Morphology is the study of word forms in terms of morphemes, which are the smallest semantic
grammatical units [27]. The morphological phenomena of root patterns are used in Amharic.
Here the root is a set of consonants and a pattern consists of a set of vowel inserted which are
inserted among the consonants of the root [6] [28]. The Amharic languages words do have stem
and affixes (prefix and suffix). Morphemes can be derivational or inflectional morphemes.
Derivational morphemes can create new words in a language or they can change part of speech
or lexical category from one to another. For the word teach+er, we can get teacher which is now
by adding a new word to the verb teach we get a noun teacher. Inflectional morphemes are bound
morphemes that serve a grammatical role in a language. Inflectional morphemes cannot create
new words in a language or change the lexical category of a word in a language. The stem forms
of the Amharic language can take many different forms [6] [28]. By adding suffix to the stem
a-nc it forms words like anc-t- [I broke], anc-:[we broke], anc- @( feminine second person )[you
broke], and the immediate object is identified as an-"[he brke me] as it is pointed by [6].

2.2. Audio Searching

Audio data implies all audible (being capable of heard) data like speech data, music, animal
sounds, bell sounds, laughter, bird chirps, news footage archive, and audio lectures. Pitch is a
generally slow-changing periodic signal in spoken speech that corresponds to the frequency of
vibration of the vocal cords. Male pitch contribution is often between 50Hz and 250Hz, whereas
female pitch contribution is typically between 120Hz and 500Hz [29].
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On the audio file, searching will be done by giving query term. A query is usually a keyword or a
short phrase that is given to the system for retrieving an audio file containing that query. Based
on the query type, the searching techniques can be broadly classified into three: keyword
spotting and spoken term detection and QBE STD as shown in Figure 2.1 [30]. Even if currently
there are a lot of different tools, which help searching text, there are not for speech or audio
search [31]. This requires to conduct researches on speech search that will enhance and ease the

development of speech search/audio searches in general.

| Audio Search Technigues

—

Based an Based on Based on
Audio type Learning gquery representation
= Music » Supervised = KWS
* Audio = Unsupervised » Text-based STD
= Speech = ObE STD

Figure 2. 1 Classification of audio search techniques [30]

2.2.1. Keyword Spotting

Keyword spotting (word spotting) allows finding the exact locations of a text query within a
speech document or a speech stream [3].

In literature, sometimes the term keyword spotting has been used as STD. However, according to
[32], in keyword spotting user query is known in indexing time whereas in text-based STD the
query term is specified at search time. As a result, STD is more difficult to use since it has no

prior knowledge of the queries that are being searched [33].

2.2.2. Text-based STD
The process of locating a particular search term from a collection of segmented speech is defined

as STD. The general structure and components of STD systems are depicted in Figure 2.2.
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Audio > Indexing

Term - Search

Eesults

Figure 2. 2 General Structure of STD Systems [33]

From Figure 2.2., there are two steps to the STD procedure in general. The first stage, indexing,
creates a database with an intermediate representation of the speech segments that are stored in a
database. The search stage is then in charge of finding putative (acceptable) occurrences of query
words in this intermediate database. The search should be carried out quickly and precisely [33].

Spoken Term Detection (STD) has advantages like it offers the possibility of retrieving any
speech file that contains any term (a sequence of one or more words) from its textual
representation, allowing the search of any term in a large index efficiently. This technology can

be accessed using any device with text input capabilities [34] [10].

2.2.3. Query-By-Example STD
A user presents the system with desired audio snippets containing queries. The system then

searches the database for segments that closely resemble the query [30]. Table 2.4 depicts
summery of different audio searching techniques with the query type to use and whether it needs

speech to text conversion using ASR.
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Method Query type Need for speech to text

conversion
KWS Predefined word/phrase Yes
Text-based STD Unspecific word/phrase Yes
QbE-STD Unspecific word/phrase No

Table2. 4 Summary of Audio search techniques

2.3. Challenges on Spoken Term Detection

The state-of-the-art STD systems are usually based on a Large Vocabulary Continuous Speech
Recognition (LVCSR) engine and search for keywords in the results returned by the engine. The
search for Out-of-vocabulary (OOV) words remains a challenging problem since the OOV words
are always misrecognized by the LVCSR engine [35]. OOV refers to words that are not in the
lexicon and is the most common source of error in ASR [20] [36].

Different approaches are there to minimize the OOV effect on the ASR. One way of achieving
high lexical coverage is building LM (Language Model) on morpheme level [37]. The OOV rate
obtained on the Amharic language which was done by [20] on word-based and morpheme-based
recognition is 28.18% and 6.28% respectively. So implementing and using morpheme-based
morfesor will help in reducing the OOV rate that will be caused by the result of ASR. The other
way of minimizing OOV is applying and using close vocabulary.

2.4. Automatic Speech Recognition

Command and control, dictation, transcription of recorded speech, searching audio documents,
and interactive spoken conversations are just a few of the uses for automatic continuous speech
recognition (CSR). A collection of statistical models describing the various sounds of the
language to be identified is at the heart of all speech recognition systems.

Since speech has a temporal structure and can be encoded as a sequence of spectral vectors
spanning the audio frequency range, the hidden Markov model (HMM) provides a natural

framework for constructing such models [38] [39].

2.4.1. Category of Speech Recognition
Automatic speech recognition is one of the most automatic speech processing areas, allowing the
machine to understand the user’s speech and convert it into a series of words through a computer

program, thus creating a kind of natural communication between man and machine [40].
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2.4.2. Speaker Dependent / Speaker Independent

Speech recognition systems are classified into two categories, speaker dependent and speaker
independent [2].

Speaker dependent systems are trained by the individual who will be using the system. These
systems are capable of achieving a high command count and better than 95% accuracy for word
recognition. The drawback to this approach is that the system only responds accurately only to
the individual who trained the system. This is the most common approach employed in software

for personal computers.

Speaker independent is a system trained to respond to a word regardless of who speaks.
Therefore the system must respond to a large variety of speech patterns, inflections and
enunciation's of the target word. The command word count is usually lower than the speaker
dependent however high accuracy can still be maintain within processing limits. Industrial
requirements more often need speaker independent voice systems, such as the AT&T system

used in the telephone systems.

2.4.3. Recognition Style

Speech recognition systems have another constraint concerning the style of speech they can

recognize. They are three styles of speech: isolated, connected and continuous and spontaneous.

Isolated speech recognition systems can just handle words that are spoken separately. This is the
most common speech recognition system available today. The user must pause between each

word and command spoken.

Connected is a halfway point between isolated words and continuous speech recognition.
Continuous is the natural conversational speech we are used to in everyday life which is
pronounced naturally [17]. It is extremely difficult for a recognizer to shift through the text as the
word tends to merge. For instance, "Hi, how are you doing?" sounds like "Hi,.howyadoin".

In summary types of Speech in most studies, speeches are resumed into four types: [41] [12]
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* [solated Words: This type usually requires a quiet (silence state) between utterances.

» Connected Words: Word systems are similar to isolated words, the only difference between
themes is to allow separate words to “run together” with a minimum of pausing between them.

» Continuous Speech: The users of this type talk almost normally, while the computer selects the
content. It is one of the most difficult systems.

* Spontaneous Speech: At a basic level, it can be thought of as speech that is natural-sounding
and not rehearsed.

The size and volume of the Vocabulary used in the speech recognition system are important
because it affects the complexity and processing requirements and determines the accuracy of the
ASR system. To simply define [42]:

* Small vocabulary - 1 to 100 words or sentences

* Medium vocabulary - 101 to 1000 words or sentences

* Large vocabulary - 1001 to 10,000 words or sentences

* Very-large vocabulary — more than tens of thousands of words.

2.4.4. Speech Recognition Architecture

The speech recognition system includes components like acoustic front-end, acoustic model,
lexicon, language model and decoder as depicted in the figure below. The acoustic front-end
convert’s speech signal into appropriate features used by the recognizer. The process of
converting the audio wave form into a sequence of fixed-size acoustic vectors is a process called
feature extraction. Feature vectors are generally generated every 10 milliseconds using a 25
millisecond overlapping analysis frame. The decoder operates by searching through all possible
word sequences to find the sequence of words that is most likely to generate. The likelihood is
defined as an acoustic model P (O|W) and P (W) is determined by a language model [38]. The
process of establishing statistical representation for the feature vector sequences is computed from
the speech waveform. Hidden Markov Model (HMM) is one of the most commonly used statistical

models to build acoustic models [38].

2.5. Language Modeling

Natural language contains a large number of words and terms, which can lead to a variety of
ambiguities. There are several types of ambiguity like lexical ambiguity, syntactic ambiguity and
anaphoric ambiguity. Natural languages are completely comprehended by humans,
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notwithstanding their uncertainties. Machines, on the other hand, are incapable of processing the
ambiguities in real human language. As a result, language models are employed to convert text
into a machine-readable format [43]. Modeling has always relied on two main approaches. The
first is based on grammar, such as context-free or unification grammars, which are defined using
linguistic knowledge. The second method employs probabilistic models based on corpora, which
have been widely used in natural language processing since their inception in the 1980s [44].
They're mostly used to determine how frequently a sequence of tokens in a corpus, which is a
collection of texts, such as a document, occurs [45]. To put it another way, a probabilistic model
is created to aid in the prediction of the next word from a given sequence of words. Let's take a
look at a statement that is just partially completed. Please submit your application. It's more

likely that the following word will be homework or a paper, rather than Professor [43].

2.5.1. Smoothing Techniques

The word "smoothing” refers to a set of procedures for fine-tuning the MLE (Maximum
Likelihood Estimation -that is by counting events in context on some training corpus) to produce
more accurate probabilities. Some of the smoothing techniques are (Laplace Smoothing, Add A
Smoothing, Natural Discounting, Good-Turing Smoothing, Interpolation and Backoff) which
solve the problem of data sparsity based on the raw frequency of n-grams. Details of each

smoothing technique are clearly elaborated in [44].

2.5.2. Interpolation

Interpolation is a smoothing technique used to solve problem of data sparsity using n-gram
hierarchy [44]. M. Y.Tachbelie [44] combines the probability estimates of all n-gram orders
based on the assumption that if there isn't enough data to estimate a probability in the higher-
order n-gram, the lower-order n-gram can frequently give relevant information. In simple linear
interpolation, they estimated the tri-gram probability p (wnjwn—1wn—2) that, by mixing together
the uni-gram, bi-gram, and trigram probabilities, each weighted by a A shown with equation 2.1

as.:

P* (wp|wn_1wn_3) = Mp(wp|wp_1wn—2) + Aop (we|wn_1) + Agp (wy)

(2.1)
Where

2.2)
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Accordingly, lambda value was calculated based on the cotext/history.it was also elaborated with
example that, if the context of a particular tri-gram is frequently observed, then a high A will be
appropriate for the tri-gram, and the tri-gram was given more weight in the interpolation. On the

other hand, for a single occurrence of history, a lower A will be suitable [46] [44].

2.6. CMU Sphinx

CMU Sphinx is an open source speech recognition toolkit developed by Carnegie Mellon
University's Sphinx group, Sun Microsystems Laboratories, Mitsubishi Electric Research Lab
(MERL), and Hewlett Packard (HP), with contributions from the University of California at Santa
Cruz (UCSC) and Massachusetts Institute of Technology (MIT). CMU Sphinx created several
different versions. The Sphinx4 was developed in 2005 voice recognition library which is written
entirely in Java. With the aid of CMU Sphinx acoustic models, it provides a simple and fast API for
converting voice recordings into text. It may be utilized on servers as well as in desktop software.
Sphinx4 aids in the identification of speakers, the adaptation of models, the alignment of existing
transcription to audio for time stamping, and many other tasks. Sphinx 4 uses models trained by
Sphinx 3 trainer and also recognizes isolated and continuous speech

[17] [47]. The other versions Sphinx 1, Sphinx 2(high-speed large vocabulary speech recognizer),
Sphinx3 (slower than Sphinx 2, but provides more accurate Large Vocabulary Speech Recognition
System), PoketSphinx (fastest version of CMU Sphinx speech recognition system that uses semi-
continues output PDFs with HMM which can be used in devices and live applications and it is as
accurate as Sphinx 3 and Sphinx 4 [47]. However, the performance of Sphinx 4 is less when

compared with Sphinx 3 [48].

2.7.Speech segmentation (pydub)

Python’s pydub is a speech segmentation package based on silence detection on the energy. By
defining a period of silence as the time duration when the Root Mean Square (RMS) power of the
speech signal drops below a given dB value such as -35 for at least a value of some seconds like
500ms silence of a given speech would be detected [16] Apart from the automatic speech
segmentation, manual speech segmentation could be done using Auddacity software. This software is

freely available open-source digital audio editor and recording application software.
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2.8. Performance Evaluation

Evaluation of speech recognition is important for any research to check its respective performance.
Speech recognition could be measured using speed and accuracy. The speed of ASR could be
measured using the Real-time factor (RTF). On the other hand accuracy of the recognition system
can be measured using WER (Word Error Rate) and WRR (Word Recognition Rate).WER is most
the widely used metric [41] [49] [50].This is largely affected by non-linguistic conditions, such as
noisy environment, variety of recording environments, sound effects and multiple speakers [51].

Insertion(I) + Substitution (5) + Deletion (D) .

100
No. of Reference Words (N)

Word Error Rate(%s) =

(2.3)

From equation 2.3, S refers is the number of substitutions performed in the output text as compared
to the ground truth. D refers the number of deletions performed, and | is the number of insertions
performed. N is the total number of words in the ground truth. The other performance metrics WRR
could be calculated using the formula which is stated in equation 2.4.

N-5-D-1I

Word Recognition Rate (WERE)=1 - WER = N
{

(2.4)

2.9. Related Previous Studies
In this section, previous studies related to the present thesis work are highlighted. Specifically,
publications related to searching for specific utterance using written text as query word and speech

segmentation on ASR and search on speech were explored and summarized.

2.9.1. Speech Segmentation

J. Neto et.al [52] developed ASR system for automatic speech transcription applied to a Broadcast
News (BN) task for the Portuguese language. The researchers developed ASR using prepared speech
with low background noise and good quality audio. The results also included WER obtained in all
test sentences; including noise, music, spontaneous speech, telephone speech, nonnative accents and
FO focus condition sentences. In order to develop the system the researchers followed a hybrid
approach which combines use of HMM and MLP(Multi-Layer Perceptron).After the ASR
development, the researchers further checked the performance of the system using automatically and

manually segmented speech, since automatically segmented speeches are not perfect. A 29 minute

20



test set speech was used and compares three transcription results. First 241 manually transcribed
sentences, second was done by considering the whole program as one sentence where no
preprocessing was made, and the last test set is segmented automatically and produce 366 sentences.
The researchers recorded WER of 26.9, 27.1, and 29.0 respectively.

C.Liu et.al [49] compares the relative performance of ASR systems developed using automatically
and manually transcribed speech corpus. The researchers use two sets of manual transcriptions and
five sets of automatic transcriptions (Google Cloud, IBM Watson, Microsoft Azure, Trint, and
YouTube) for comparison aimed at helping other researchers or research community to select for
accurate transcription services. The researchers use two Simulated Patient (SP) one male and one
female. This trained SP is regularly interviewed by student doctors. They use the 12 randomly
selected where gender is put into consideration from a total of 84 conducted interviews. Then the
researchers transcribe manually using independent professional transcribers and hand-picked
freelancers available at Rev.com (Rev). From the two transcription results, better transcription is
selected by comparing the WER which was done using open source asr-evaluation library. The
researchers obtain result which shows manual transcription is better than all other transcriptions
(Google Cloud, IBM Watson, Microsoft Azure, Trint, and YouTube) even if youtube offers accurate

transcription compared with others.

Nitza Geri et.al [51] investigate how to significantly reduce the gap between machine and human
performance for Hebrew text navigation through search terms. The purpose of their study was to
examine rapid and affordable ways to transcribe Hebrew speech, by existing tools, and to explore
their potential to provide good enough, not perfect though video transcriptions. In solving their stated
hypothesis they used the already available state-of-the-art speech recognition models
Google/HTMLS5 speech recognition system for Hebrew and Nuance Mobile Developer Program —
NDEV. A total of 40 minutes of Hebrew speech was used for their ASR experiment by using the
above ASR engines. From their first experiment, they found that the WRR tests showed that the

ASRs performed better with read speech than with lectures, in quantity and quality.

R.Mekonen [13] has developed a sentence-level automatic speech segmentation system for Amharic
which is used to segment the spoken speech into sentence level. To implement the sentence level

segmentation two approaches were used by the researcher. In the first approach, the researcher used
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an automatic tool for segmenting and labeling Amharic speech data. An acoustic model is created
using speech and their text scripts and compiling them into a statistical representation of sounds that
make up words. To implement the sentence level automatic segmentation system the researcher uses
4 hours of speech which are collected from different domains and speech types. Amharic bible,
broadcast news, broadcast conversation and Amharic fictions are different domains where the corpus
was collected and spontancous and read speech are the type of speech’s used/collected by the
researcher. In order to implement the sentence level, automatic segmentation system the researcher
uses two approaches. On the first approach, preprocessing rule-based segmentation using Audacity
software which is used to segment an audio file and given to the different acoustic models. These
acoustic models are monosyllable, Tied-State syllable and monophone acoustic models. Then the
audio file with its respective transcribed file is given to the Forced aligner and the segmentation
result is displayed. In second approach the researcher uses features such energy and FO features are
combined with seven prosodic features (rate-of-speech, volume change rate, pause, succeeding and
preceding sentence duration, succeeding and preceding pause duration, and rate of-speech duration)
to detect sentence boundaries. Then adaBoost algorithms are used to check the performance and
accuracy of the supervised classifier. Following the two different approaches, the researcher found
results of the first approach that is the rule-based approach are better than the second approach which

shows a better accuracy.

A.Rajpoot and P. Sharma [53] do research to segment the speech signal into silence, voiced and
unvoiced regions which are aimed at increasing the performance of recognition systems. To achieve
their research objective they propose an algorithm that is fast and simple. They developed an
algorithm using various speech features such as Zero Crossing Rate (ZCR) which is the number of
times the amplitude of a speech signal passes through a value of zero in a given time interval or
frame, Short Time Energy (STE) which helps to quantify how much energy is in a speech signal at
any given moment here high for voiced and low for unvoiced and O for silent [54], and Fundamental
Frequency (F0) which is the quality of pitch that rises and then falls as something is spoken voiced.
The algorithm they applied to 15 selected Hindi words spoken by four persons (3 male and 1 female)
and each spoken 3 times. The researchers use MATLAB 2011a to implement the algorithm they
developed and reached an accuracy of 96.61 %. The algorithm's accuracy was determined by
comparing the number of samples correctly defined in the spoken word to the manual classification

of the voiced, unvoiced, and silence regions in the word, and then dividing that number by the total
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number of samples. According to the researchers, the remaining error was due to little noise or lower

energy during the starting and ending of the word.

C.V. Heerden et al. [36] Experiment on sub-word unit syllable-like and morpheme-like units for
different languages. The aim of their research was on how to reduce out-of-vocabulary (OOV)
keywords which are generated by the ASR. The researchers compare Syllable-based units and
Morpheme-based units(two approaches) for Spoken term detection for OOV for Ambharic
,Guarani(official languages of Paraguay), Igbo(spoken in southeastern Nigeria), Javanese(spoken in
Malaysia, the Netherlands, and Singapore),Dholuo (spoken in southwestern Kenya), Mongolian
('spoken in Mongolia a),Pashto(Eastern Iranian) languages. The corpora used in their experiments
were the “Full language packs,” which were distributed in the fourth year of the IARPA (Intelligence
Advanced Research Projects Activity) project BABEL and each contained about 40 hours of training
data for all languages and Kaldi was used as a speech recognition toolkit. From the result, they obtain
when comparing OOV results, whether to use syllables or morphemes becomes a language-specific
choice. For Amharic, Dholuo and Pashto, the morpheme-based OOV results are best, while for the
rest of the languages, syllable-based OOV results are slightly better (Guarani, Igbo, Javanese) to

significantly better.

2.9.2. Searching on Speech File Using Text as Query Word
In this part, we try to explore related research works done by different researchers which are related
to a part of our research work, which is speech search using text query. We also summarize

researches that are related with our research.

K. Kodlekere et.al [7] present an interactive media player that enables the user to perform offline
audio content based searching capabilities with a given multimedia file. As for the researchers, one
reason for doing their research was to alleviate the problem of Massive Online Courses (MOOCs)
which is a free online course available for anyone to enroll. However, out of the massive registered
users, only 15 % are complete their course. To improve the performance of completion of the course
researchers come up with a novel approach of making a multimedia file viewer-friendly (multimedia
player) which decreases consumption time. Audio files do have metadata that shows the title, file
type and size. All this metadata doesn’t tell what content the audio file has. So for the users to check
for the content of the multimedia file users have to navigate to the entire file which is a time-
consuming process. To solve searching content by metadata (title) researchers propose a system

consists of a media player which assists the user to search for a keyword within the video, which also
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helps the user navigate within the video and browse for a topic of their interest. The proposed system
works by accepting the multimedia file and input keyword. Then the coming audio file from a user is
converted into a format that will be useable by the system i.e.wav form and passed to the ASR.ASR
transcribes the coming multimedia file and indexing and searching for the keyword, which will return
the keyword with its respective time frame. By using the time frame which was displayed on the
developed media player (using python) users can further search audio content to locate the specific
utterance. For the development of their proposed system researchers uses different tools. For ASR
development they use sphinx over IBM’s(International Business Machines Corporation) Watson and
Google’s speech recognition API (Application Programming Interface), a software interface that
allows two different applications to interact or communicate with each other. Researchers use sphinx
because it is open-source and easily accessible to anyone. To develop the Media player they used
LibVLC API which enables multimedia capabilities by embedding it to the application. For the user
interface development, they used gtk+ which is a python library. From the result obtained from their
research words with a confidence level above the set threshold were considered as true hits and those
with a confidence level below it are considered as false hits. The accuracy of the keyword spotter is
dependent on the confidence value chosen as the threshold for each word which is 0.85. The
proposed system identifies keywords on average 60-65%. As of the researchers, this result can be

improved by using or selecting high-quality videos.

A. Hassen [8] Propose an Amharic speech search engine by designing an Amharic speech document.
Since most search engines are designed for English and they struggle to find documents written in
Amharic. The prototype developed by the researcher has four basic components such as crawler,
audio processing, indexer and query engine. The first component identified by the researcher is
crawler which is responsible for crawling through the web pages and downloading speech documents
from the web. JSpider were used by the researcher to download speech documents from the web
since it is an open-source and java configurable tool. Websites of Sheger FM, Bisrat 101.1 and Voice
of America (VOA) Amharic were a seed URL used by the researcher where web crawler will begin
to traverse a site. Speech Content Processing is the second component, which is responsible for
identifying Amharic speech files, indexing the coming Amharic multimedia files and searching the
indexed document using the query text through the developed user interface. On Speech
identification the process in which Amharic web audio documents are filtered where Ambharic
contents are greater than 60% i.e. if the audio documents Amharic content is less than 60% it will not

be selected and left out from further processing. To filter the Amharic audio document the researcher
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uses a Tika content extractor. Once the required document is filtered transcription of the Amharic
audio content into its respected Amharic text and saved in the transcription file. To do that the
researcher uses the already developed model. The speech recognition model was developed using
sphinx 4 which is an open-source tool for recognition. The speech recognition model was responsible
for speech transcription. The other task which is done on the speech processing part is indexing. It is
a method of indexing documents in a repository into an effective cross-reference lookup. The
indexing was developed by solr indexer which uses an inverted index. The third component of the
Ambharic speech search engine is a Query Engine. This component is responsible for matching and
ranking the transcribed document. Query processor is the user interface part where it accepts Text-
based Speech Query and it will be matched to the indexer. Preprocessing (tokenization stop word
removal and others) is done on text-based speech query to increase to get a better search result. The
experimental results revealed that the Amharic speech retrieval engine had an accuracy of 80% on

the top ten results and a recall of 92% as compared to its corresponding retrieval engine.

I.Ayass et al. [55] Propose a system that can automatically process the YouTube video file to identify
the discussed topics and allows users to access that information in a significantly shorter time
through a search engine. The topic of interest is described by keywords that are used for searching
the video or audio material. The proposed system works in a way that first cheek the coming
multimedia data. If it is a video file and in *.wav format it will automatically be transcribed to its
respective English text. From the transcribed text respective topic will be deduced. After
transcription matching the indexed topic with the predefined list of topics (keyword spotting) was
made. Then matching results from the previously mentioned process and the respective video file
will be stored in the database, which will be used by the users while requesting the system by
entering text query word. CMU Sphinx was used to transcribe the video into its respective text file.
Researchers select this ASR toolkit because it is open-source and easy to integrate. The transcription

accuracy of the proposed system was 50-80%.

A. Mohammed [9]developed a simplified search engine that enables search operation that will
search the audio and video file content which was usually done using file title and description.
While developing the engine, first the audio and video file was converted into a time-marked
stream of text and then searching is made. Here the search engine has three parts. The web

archiving indexers part, which is similar to a website with the ability to play the media from its
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source without storing or copying the file. The second part is the speech to text recognizer engine
which is responsible to recognize the played video & audio played before by the indexers and
returning the recognized text, which is stored in the Database. The third part is the user interface
and matching engine which is responsible for taking the user search query and then machining it

with the text fields in the database, which is, quite similar to text-based search engines.

The other research made by [56] was the Turkish Broadcast News transcription and retrieval
system. On the development Out-of-Vocabulary (OOV) was a challenge where even sub-word-
based recognition units are utilized. To alleviate this problem and to increase the accuracy the
researchers use moderate size vocabularies according to the researchers which even performs better
than a vocabulary size of 500k. The researchers developed a Spoken Term Detection system and a
Spoken Document Retrieval system. To retrieve the spoken data ASR was used.

Summery

In all the above related works, to the knowledge of the researchers, there is no research conducted on
searching on a speech on a given Ambharic audio file, even if there are researches conducted for other
languages like English [7]. In their research keyword spotting were used as a searching technique
where the speech recognition was trained with most frequently used words or keyword. The coming
audios are directly given to the ASR where segmentation of a speech is not considered in their
research. This research has a twofold benefit. First, it enables us to check the performance of ASR by
giving segmented audio files to the ASR. Second, it allows searching and displaying the time interval
in which the spoken speech is located.

So from the above review, we try to include segmentation in order to verify whether automatic
segmentation has an impact on ASR and on Amharic audio speech files since music files do have a

negative impact on the accuracy of the ASR.
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Speech segmentation

Title Year | Remark Researchers
Automatic Speech Recognition 2019 | Compares the performance of C.Liuet.al [49]
Systems and the Nonverbal ASR using simulated patents
Responses to Unintelligible (SP) interview record and by
Speech using manually transcribed SP

records as a reference.
Can automatic speech recognition | 2014 | There pourpose of study was to Nitza Geri et.al
be satisficing for audio/video examine rapid and affordable [51]
search? Keyword-focused analysis ways to transcribe Hebrew
of Hebrew automatic and manual speech
transcription
Automatic identification of 2013 | Segmentation A.Rajpoot and P.
silence, unvoiced and voiced Sharma [53]
chunks in speech
Automatic Speech Annotation and | 2003 | Development of ASR along with J. Neto et.al [52]
Transcription in a Broadcast News comparing the automatically
task segmented speech with the

manually segmented speech.

Searching

Develop an Audio Search Engine | 2019 | Search engine A. Hassen [8]
for ~ Ambharic  Speech  web
Resources
Prosody Based Automatic Speech | 2019 | Speech segmentation R.Mekonen [13]
Segmentation for Amharic
Keyword Based Indexing of a | 2017 | Search a speech wusing text | K.Kodlekere
Multimedia File keyword and returns time frame | et.al [7]

and segment of video
Constructing sub-word units for | 2017 | Compares Syllable-based units | C.V. Heerden et
spoken term detection and Morpheme-based units for | al. [36]

Spoken term detection for OOV
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https://airccj.org/CSCP/vol3/csit3509.pdf
https://airccj.org/CSCP/vol3/csit3509.pdf
https://airccj.org/CSCP/vol3/csit3509.pdf

Transcription and Retrieval

Audio Indexing for YouTube 2015 | Text based searching system | l.Ayass et al.
about discussed topic in audio | [55]
file
Video & Audio Content Search | 2014 | Audio search engine A.Mohammed
Engine (VACSE) [9]
Turkish Broadcast News | 2009 | Audio retrieval M. Saraclar et.al

[56]

Table2. 5 Summary of related works

28




CHAPTER THREE
METHODOLOGY

In this section, the procedure we followed to do a speech search using Amharic query text is
discussed. Searching does not only include or display the user's query text but also displays the
time frame where spoken speech is located. We followed experimental research methodology to
conduct our study. The first experiment was done by checking the performance of automatically
and manually segmented test speech on ASR. This can give a clear understanding for the
implementation of text-based STD and what effect we will face up on using automatically

segmented speech for text-based STD development.

3.1. General Workflow

The general approaches and procedures we followed towards reaching research objectives are

depicted in Figure 3.1.

, Check ASR - :
ASR él Performance >3] ASR(LVCSR) |[mmp| Textbased STD

Figure 3. 1 Block diagram for the General workflow of text-based STD development

As shown in Figure 3.1., we followed four steps to achieve our objective. The first step was
performed to develop ASR using Bible speech corpus. Then, the second step was for checking
the performance of the developed ASR for selecting the optimal automatic speech segmentation.
In the context of our work, optimal segmentations is defined as the lowest WER obtained after
performing comparisons between manually and automatically segmented test speech.

The performance of ASR was checked using automatically and manually segmented bible speech
corpus (test speech corpus). Once the ASR performance was established from the result, the third
step was followed to develop a model using LVCSR [14]. The final step was necessary since we
used the acoustic models of the ASR for text-based STD development. Details of each step are
presented in the following sections.

29



3.1.1. Corpus Preparation

This section presents discussion on the speech corpus we used and that we prepared for the
comparison of ASR performance up on using automatically and manually segmented bible
speech corpus.

The block diagram is shown in Figure 3.2., depicts training and test set speech corpus used and
prepared for ASR performance comparison. It also shows how the decoder transcribes a given
test speech sets using acoustic model, language model and the phonetic dictionary which are
components of ASR [57]. Both the training and test sets (corpus) were prepared from Bible
domain. For the test speech, we used similar speeches (in content) except we segmented them
manually and automatically. Finally, we checked the performance of ASR upon using the
manually and automatically segmented speeches. Details of the corpus preparations are

explained in the subsection of this section.

Acoustic Model
[nseg_;memed Automatically
speech segmented
Language Model
traning speech Ed BU3g
corpus{Bible)
Phonetic Dictinnaryl
Automatically
e segmented test Lo
L 4 speech(Bible)
Decoder k ['nseg_;memed
speech
Compare recognition Manually —
performance ] segmented test
speech (Bible)

Figure 3. 2 General flow of automatically and manually segmented speech corpus preparations
to check the ASR performance.

3.1.1.1. Training Speech Corpus
In developing the ASR model, we used a 1 hour and 35-minute audio file. Then, we segmented,
copied and pasted a total of 1050 sentences. This file was downloaded from a publicly available

YouTube video [58]. To prepare training transcription, we first automatically segmented a 1 hour
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and 35-minute file using python pydub with minimum silence of 600 and silence threshold of -35
and transcribed. The transcription was made by listening to the starting and ending of the
segmented audio file and matching it with the respective text which was available
at WordProject [59] . The text has been manually segmented to be aligned with the segmented

speech. Sample training speech transcriptions are shown in appendix B of the report.

3.1.1.2. Test Speech Corpus

We prepared two different test speech corpuses: manually segmented speech and automatically
segmented speech. The reason for the two different test speech corpus was to check the
performance of ASR using the same speech file. A total of 30-minute bible speech was used for
both manual and automatic speech segmentation. Sample test speech transcriptions are shown in

Appendix C of the report.

3.1.1.2.1. Manual Speech Corpus Preparation

The manually segmented speeches were used from the research done by [13] . Even if we found
lots of manually segmented speech from the indicated source, we only used the first 30- minute
of the segmented speech. The speech was segmented into small pieces by the author through
reading and checking where the sentence begins and ends by listening to the speech.
Segmentation was made by audacity software by the author. We took 307 segmented files, which
were obtained when the 30- minute unsegmented speech was manually segmented with a sample
rate of 22050 Hz.

Since the research done by Mekonen [13] used HTK as a development tool, the format and files
couldn’t be used for our ASR development using Sphinx. Thus, the speech was made in a format
to be used by sphinx speech recognition tool. Therefore we manually segmented the text to be
aligned with the segmented speech. We used the bible texts from WordProject [59]. Table3.1.
Shows transcribed text, the audio file and duration of every automatically segmented audio
which will further be used by the ASR tool. Apart from transcription, for this particular task,
further preprocessing was made like converting the sample rate from 22050 Hz to 16000 since
our configuration for sphinx was based on 16000 sample rate.
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No | Manually Copy pasted text Durati

segmented on
file
1 mat00.wav ALOOI° NLU-4 0T ANBI° N7 NECL N Havy ITDAL LH AT 00:08

ONA (10 SFOALD PhLU-L TN DL 1D+
2 mat01.wav (-7 APOEP AT ATNLAT PPHGAT APN h9Ph &P DF. 00:06

AL5ANI® ao My
3 mat02wav TH BN (9O LM 00:03
4 mat03.wav AL U ACKH 2C 00:03
5 | mat0O4.wav PRUGTII® AAST PUNFTI® RET Ut ANAN hCAFN DL 00:07
hAT8.00L MPPTFD-

Table 3. 1 Sample test transcriptions using a manually segmented audio file

3.1.1.2.2. Automatic I (a sentence like segmentation)

The automatic segmentation of unsegmented speech is done using silence. This was done using
the pythons pydub package. A 30-minute unsegmented speech was segmented automatically
using parameters of minimum silence of 600 and silence threshold of -35. The automatic
segmentation was done using the pythons pydub package. The library segments the audio files
according to the minimum silence and threshold parameters. Once we segmented automatically,
the next step was transcribing the automatically segmented speech. In our case, since we have an
online source of respected text for the segmented speech, we simply made the transcription by
listening to the starting and ending of the manually segmented speech. Then, we copied and
pasted the corresponding text from WordProject [59]. The transcription also resulted in 369

sentences. Sample transcription for segmented *.wav files are depicted in Table3.2.
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No | Automatically Copy pasted text Durat

segmented file ion
1 MatC21.wav AL NSU-4 L AZ° O7HG- NEC L0 Havy (- FOAL. 11, 00:04
2 MatC22.wav AP (A AN PTOALD- PALU-L TN DL T 10+ 00:03

3 MatC23.wav nh(7 (PGP AT AT P PHTAT AP NIPO &P DL 00:08
ALFANT® oM TR BCLO (190 L1Im
4 MatC24.wav ALLANIPI U~ NACA: OC PUGTII° AAST Ch TP A&t Ui 00:07
a-nan
5 MatC24.wav NCAOPO DLt ATR.OAL MLP T AICAI® APE (LT ABI° P2U-4 00:06
LC

Table 3. 2 Sample test transcriptions using automatically segmented audio file

3.1.1.2.3. Automatic II (word /phrase like segmentation)

The automatic segmentation of unsegmented speech was done using silence. This was performed
using the pythons pydub package. A 30-minute unsegmented speech is segmented automatically
using parameters of minimum silence of 400 and silence threshold of -26. A total of 877
segmented *.wav files were obtained by passing the parameters of minimum silence and
threshold parameters to the functions inside pydub. These 877 results were mostly phrase and
word-level segmentation. The procedure that was used for sentence-like segmentation was
repeated for the phrase-like segmentation. Sample transcription for the segmented *.wav files are
depicted in Table3.3.

No | Automatically Copy pasted text Durat
segmented file ion
1 Ssegl.wav ALAOI° (20~ (Ot AEI° N7 N2C L0 Havy M OAL 1LH, 00:04
2 Sseg2.wav ATPO(A (10 0001
3 Sseg3.wav FOALD- PHALU-L T DT M- 00:01
4 | Sseg4.wav DT 0P°2¢P heAT ALANT PTFGAT A 00:03
5 | Sseg5.wav nPred 0L h24-A0T° aom- 00:01

Table 3. 3 Sample test transcriptions for automatically segmented audio files (a phrase like/word-
like)
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3.1.1.2.4. Merging the Automatically and Manually Segmented Speeches

Here we try to show how it looks after processing the manually and automatically segmented
speeches. Table 3.4 shows the starting and ending word of a segment for both the manually and
automatically segmented speeches. This segmentation was obtained by changing parameters of
the minimum silence and silence thresholds. We first tried to segment speech in word-like and
phrase-like segments. However, through changing the parameters, we later tried to segment
speech with minimum silence of 600 and silence threshold of -35 which gives sentence-like
segments which is used in other part of our research. The comparison for the Automatic I and

Automatic Il could be seen in Table 3.4 and Table 3.5 respectively.
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No | Automatic I Manually segmented speech

Wav file Dura | Transcribed(Copy | Transcribed(Copy | Dura | Wav file
tion | pasted) text pasted) text tion

1 MatC21.wav | 00:04 | AL-07° (LU-~4 (LT ALG-O9° NLU-4 Nt 00:08 | mat00.wav
AZ° O7H- N3N AZ N7 N3N
Havy DAL 1LH, Hav7 +OAL LH ATP
ONA 014 eHOALD-
PALU-L: T DL T
-

2 | MatC22.wav | 00:03 | ATPa-la (14 hh(+7 a0+ 00:06 | mat01.wav
AT A0S AT

avP+GAG AP NIPN
&P 0L A LANIP

gDy
3 | MatC23.wav | 00:08 | ¢T@ALD- PALU-L: TrA B0 a>F | 00:03 | mat02wav
TH” 0Lt 10+ L71m
4 | MatC24.wav | 00:07 | bh(¥7 OP°e® A7 | ALSAAICP Ui 00:03 | mat03.wav
ATOLNT O PHGAT nAach pC
hek
5 | MatC24.wav | 00:06 | h9°/¢d @L h.24AAI° | PhUST I hAST 00:07 | mat04.wav
ao(y- PUHMTIP A6 T Uk
aNan heorth oLt
h19.00& MP P TFo-

Table 3. 4 Manually and automatically (automatic I) segmented speeches in parallel
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No | Automatic Il Manually Segmented speech

Wav file Dura | Transcribed(Copy | Transcribed(Copy | Dura | Wav file
tion | pasted) text pasted) text tion
1 |Sseglwav | 00:04 | A£G-Q7° (QU~4 (W T ALG-° N&U~4 (b | 00:08 | mat00.wav
AZ° O7H- N3N AZ N7 N3N
Havy DAL 1LH, Hav7 +OAL LH ATP
ONA 4 oL D-
PALU-L TH DLt
Y-

2 | Sseg2.wav | 00:01 | AT AlA G760 7 ngeace 00:06 | mat0l.wav
PHOALD- CALU-L THO | AT AT AT
0L, 1w~ aPHGAT AL PO
&P @R AL5ANIP
gDy

3 | Sseg3.wav | 00:01 | h(+7 OPheP ARFT | TR BELOP APF | 00:03 | matO2wav
AT0LAT P HGAT | R1m
AP DI°0 &P DL
ALEAMLT® ao M T
2090 A0 L1m
4 | Ssegdwav | 00:03 | ALSAMIPT Ut DACK | ALGANICI® U~ 00:03 | mat03.wav
2C PG ANST hAch pC
PN AT Ut
aNan

5 | Ssegs.wav | 00:01 | hChrti 0L+t A8.0AL: | PhUGHII® AAST 00:07 | mat04.wav
MePTO RICAI® WPE | PUHIT 263 Ut
O+ AZ9° 02U-4 P&C | AION hCarth OL T
AT.ONL PP T~

Table 3. 5 Manually and automatically (automatic I) segmented speeches in parallel

3.1.1.3. Graphemes Normalization
The other preprocessing task we made both on the training and test transcription was replacing

characters whose sound same but have different shapes. This is because we want to check how
the ASR performance changes while using the same characters on both the training and test

transcriptions and vice versa. So in our case, we used graphemes (Vuv-Z73vW) instead of using
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(chehvchchdwehcheh), and (ad-Latnnq,) instead of using (wweiri~yu) because both have the
same sound. To replace those graphemes we write a simple code/script with python.

Table3.6. depicts those used characters and replaced characters, used on both training and test
transcriptions accordingly.

Used characters Replaced characters

AL AN [7ch7], [ bt T [choL] [h2 ] [de ), [ch TR, [T
[AGAALAAA] [ oo o]

[A2%A2%222 | 069299672

(%] (7]

[Abh AR A [00-%.%%07]

Not considered or used [PEEPEPETAT T 1 DT 31 1rh]

Table 3. 6 Used and replaced characters both on the training and transcription files

3.1.2. ASR Development
According to the speech structure, three models were used in speech recognition to do the match.
This includes an acoustic model, a phonetic dictionary, and a language model [17].

3.1.2.1. Phonetic Dictionary

The process of converting a target word from its written form (grapheme) to its pronunciation
form (phoneme) is known as grapheme-to-phoneme (GTP) [60] . In the present study, GTP
conversion was made based on phonetic dictionary used by Abate et. al. [14]. A total of 6,446

words with their respective phonemes were used for the ASR development using the bible data.

3.1.2.2. Language Model

The other component of ASR is the language model. We collected a total of 10,602 sentences
from the Holy Bible [61] and WordProject [59] . We also used well-constructed sentences from
[14] for our LVCSR development. Here, we tried to read available online resources and
segmented in a way that will give meaning when it is read as a sentence. All unnecessary

characters and punctuations are removed.

3.1.3. Speech Search and Locating Timeframe
In order to develop text-based STD, different researchers follow different architectures according
to the development tools they used. To implement text-based STD, we followed general

architecture from the literature [33] . The general architecture is already explained in the
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literature review part of this report. One of the basic components of the text-based STD is the
ASR. Because it requires conversion, the speech must be converted to its respective word. One
of the main differences of text-based STD from other searching speech using text is that the
system is not aware of the query term to be searched by users. This problem could be solved by
developing LVCSR (ASR). In order to develop our ASR, we followed the same procedure we
used for developing the ASR model for comparing automatically and manually converted speech
(Bible ASR). The conceptual diagram in Figure 3.3., shows how the speech search (text-based
STD) was developed.

Unsegmented speech

STD ASR(LVCSR)

3

[List ofsegmemidl‘_ Automati h fati
files O sprec Segneton Acoustic Model 3
a
i
CMU sphinx acoustic model Language Model '_ 1
i
: 1
Language Model Phonetic Dictionary g

[Extract File Name

Phonetic Dictionary

Speech to text/Decode Time Frame

|

ASR perfomance
File ‘

Amharic query word

Decoder

- ~mm-—|j e )

| List of results maches the
"l query text

Figure 3. 3 Conceptual diagrams or workflow of how speech search system was developed

The diagram outlined in Fig 3.3., depicts how the speech search system was implemented. First,
we developed two CMU Sphinx acoustic model using LVCSR from the broadcast and Bible
domains. The first one was developed using LVCSR from the news domain. The other was
developed by combining the LVCSR broadcast domain and the Bible domain. We used this
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acoustic model and developed the txt-based STD system. On the text-based STD, speech search
was begun from the unsegmented speech in a form of *.wav file. Then this unsegmented speech
was segmented based on the threshold and minimum silence specified within the system. By
using the acoustic model, Language model and phonetic dictionary and Sphinx4 API this
automatically segmented speech was converted into text/decoding. The same segmented
speeches file name was extracted and maintained. This made the alignment process easy. The
other task was finding the time frame upon which the segmented speech was located. This was
made by directly using the unsegmented speech and python’s pydub package that continuously
located time frame. Finally, file merging /alignment/indexing was made. Here we first combined
the segmented file with the respective time frame and then using this result we combined it with
the decoded text. All the generated files were maintained in windows file system. The aligned
file maintained in windows file system contains, the segmented file name, in case users wanted
to listen to only the segmented speech, location (start and end time), and decoded text. Therefore
this file was easily searched and retrieved using a query word that would be given by the user.
Details of implementation of each step are elaborated in the experimental design part of Chapter-
4,

3.1.3.1. Corpus Preparation for LVCSR Training and Test Sets

Corpus is the basic component in LVCSR (ASR) development. The speech corpus we used for
the development of an acoustic model was LVCSR sourced from published literature [14] Out of
100 speakers, we used 72 speakers read speech to train the acoustic model. The test speech was
also directly used from the same source; i.e. LVCSR corpus. Therefore, by using the training and
test speech corpus, we developed an acoustic model using CMU Sphinx toolkit. In addition, we
combined the LVCSR training set with the Bible training set and developed ASR and checked its
performance. The test sets/speeches we used for the merged training set were from the Bible

domain (Bible test sets).

3.1.3.2. LVCSR Development

One of the problems of text-based speech search is that there is a large OOV rate. There is a lot
of different approaches that are applied to tackle this problem. One of them is the use of very
large decoding vocabulary.We have also used LVCSR developed by Abate et.al. [62] and a

closed vocabulary language model. We developed two acoustic models. The first one was
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developed using LVCSR broadcast domain only. The other was developed by combining the
LVCSR broadcast domain and Bible speech.

3.1.3.3. Integration
The other component of text-based STD is the alignment. In this module of sub-component,
different tasks are performed. The first task was the conversion of speech to its respective

representative text and locating the time frame.

3.1.3.4. Testing and Evaluation of the STD System

The developed system was tested using unsegmented audio files from broadcast domain and
Bible domain. For this, we recorded 8-minute speech using Samsung Galaxy J6+. The record
was made in a silence home environment. The recorded text was taken from the test transcription
of LVCSR corpus. This recorded speech was used by the system in a way that can be segmented,
transcribed, and aligned with respected time frame and finally became ready for the search.
Searching was made when the user give search query. The other speech we used to test the STD
was from the bible domain where. The unsegmented speech was obtained from publicly
available speech length 8 minutes and 16 seconds. Researches made on the STD are evaluated
based on different set of words. One way of doing the evaluation is to randomly select limited
number of most frequent words [63] [64] . We used Actual Term-Weighted Value (ATWYV) to
quantify the accuracy of text-based STD system we developed. ATWV we used for the
evaluation could be found in chapter -5 of this report.
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CHAPTER FOUR
EXPERIMENTAL DESIGN AND RESULTS

4. 1. Experimental Design
Before we execute our experiment, we set up tools for our experiment. The whole ASR

experiment was conducted on Ubuntu 18.04 release and Intel® Core ™i7-6500U CPU @2.50
GHz 2.60 GHz RAM-8.00GB computer/laptop. For our ASR development, we used CMU
Sphinx.

4.1.1 ASR Development
Generally, we developed two ASR systems. One was used for comparisons of automatically and

manually segmented speech using the bible data. The other was developed using the LVCSR

speech corpus to enable text-based STD development.

Bible speech
corpus Autoatically (J
. _ "
Bible ASE segmeined speech
€ Nanually segmented
\l, Speech €
Selecting
Oprimal automatic
segmentation
e
A4
- Text based STD
LVCSR SPEEE}I . LYESR{;&SR} -
corpus -

Figure 4. 1 General flow of the experiment for text-based STD development

Figure. 4.1. depicts the general flow that shows how the experiment was conducted. The first
step was the development of ASR using bible speech corpus while the second step compared the

performance and development of LVCSR that we used for the text-based STD.
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4.1.1.1 Phonetic Dictionary

This was created by writing python script using the phonetic dictionaries sourced from published
literature [14]. The phoneme for the word (v1c:country) are v (h a) 7 ( g aa) ¢ (r ee) and var-q
(thursday) and u( h a)er<( m u) a ( s ee) using the above rules for every characters we convert
word to its respective phone. Therefore, the phone for the word v1c¢ and vee-a will be (hagaa
ree)and (hamusee) respectively. Sample phonetic dictionaries are shown in appendix A of

the report.

4.1.1.2 Language Model

To develop the acoustic model, the language model is important. We used SRI Language
Modeling toolkit (SRILM) as a tool to create our language model. This is an open source tool
that allows creating and testing various language models based on N-gram statistics [65]. Where
N-gram is a form of probabilistic language model that uses the previous few words to predict the
following item.The command we used to create a trigram model is shown below.

sudo ./ngram-count -order 3 -interpolate -text bibleText.txt -Im bible.Im.DMP

4.1.1.3. Training the Acoustic Model

We used the CMU Sphinx toolkit for our ASR development. To train our acoustic model we are
required to prepare a file dictionary, phone, filler, language model, and transcription and file id.
The findings are referred to as speech training databases. This database contains the information

needed to extract the probabilities of a trained recording into an acoustic model [66].

» Pocketsphinx — recognizer library written in C.

» Sphinxtrain — acoustic model training tools

» Sphinxbase — support library required by Pocketsphinx and Sphinxtrain
» Sphinx4 — adjustable, modifiable recognizer written in Java

Therefore, we used the packages listed below to train our acoustic model:

» sphinxbase-5prealpha(required by sphinxbase and pocket sphinix)
» pocketsphinx-5prealpha(recognizer)

» sphinxtrain-5prealpha(acoustic model training tool)
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http://sourceforge.net/projects/cmusphinx/files/sphinxbase/5prealpha
http://sourceforge.net/projects/cmusphinx/files/pocketsphinx/5prealpha
http://sourceforge.net/projects/cmusphinx/files/sphinxtrain/5prealpha

By using the phonetic dictionary, training transcription, test transcription phones and the CMU
sphinxtrain run command we generate the acoustic model [17]. The result of the command is
shown in figure 4.2. Since we trained the acoustic model through varying training set, test sets
and language model gave lot of results. However, after running the command, we have got the

WER and sentence error rate as shown in the screenshot below Figure. 4.2.

MODULE: DECODE Decoding using models previously trained
Decoding 87 segments starting at @ (part 1 of 1)
0%

Aligning results to find error rate
SENTENCE ERROR: 95.4% (B3/87) WORD ERROR RATE: 58.7% (458/780)

Figure 4. 2 Screenshot for the result of WER of the model after running the command

4.1.2 Text-based STD Development
All the system integration part of the STD system was done on Windows 10 pro. We used

Netbeans 8.0.2 for java development and also implemented python on Anaconda environment.

Antomoatic
Segmentation

Audip [ —

ASE Acustic

Muodel
Integration with ; |

jma

| Indexing o
#  Alignment A E——

L 4

Term > Search

Figure 4. 3 System design architecture

The system design architecture shown in Figure. 4.3 depicts how the text-based STD was
developed. The audio file was given to the system as input. Then, the speech was automatically
segmented programmatically using python’s pydub package. By using the acoustic model, which

was developed using two acoustic models developed using LVCSR and ASR developed by
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concatenating the LVCSR and Bible speech corpus, the segmented audio file was decoded and
stored in a windows file system. The major task after decoding was the alignment process which
includes time frame location. In this step, the time frame for every automatically segmented
user's audio file was located and alignment of the transcription with the respective time frame
was done. The transcription file was taken from the file and the list of segments with time frames
are aligned and maintained in windows file system. Then the term was searched from the stored
aligned file and the result was displayed. Details of the process are explained in the subsection of
this section.

4.1.2.1. Unsegmented Speech (Audio)

The speech (Amharic audio speech) given to the text-based STD by the user is considered as an
unsegmented speech. In the present research, we used unsegmented speech to evaluate our
system. In order to check our text-based STD, we recorded an 8-minute read speech. The speech
was recorded in a room environment. The speech was read by a woman in a way to simulate a
news reading. The texts were then taken from the transcribed test texts from LVCSR [14] . The
unsegmented speech was converted into *.wav since the ASR components of text-based STD

could transcribe formats with *.wav.

4.1.2.2. Automatically Segmentation

This component of the STD system was used to segment the given unsegmented audio files into
a list of segmented audio files. For a given unsegmented audio file based on the defined
minimum silence and silence threshold, the system segments into slices /chunks. These
slices/chunks were given iteratively to the ASR’s acoustic model. Automatic segmentation was

done by the function split_on_silence of python’s pydub package.

4.1.2.3. ASR Acoustic Model
This model was used to decode or convert the speech into its respected text form using the
automatically segmented speech developed in the above-mentioned step. So, the automatically

segmented speech was an input for the acoustic model.

System integration uses different sub-component results. The first task to be done in system
integration was to access the ASR’s acoustic model inside java. This could help us to access all

the transcription from GUI. For this, we used sphinx4 APl which allowed us to access all the
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acoustic models. Two ASR acoustic models were created and used. The first acoustic modesl
was developed using only LVCSR. The other acoustic model was developed by combining the
LVCSR and Bible speech corpus traning speech and LM of LVCSR and Bible. The LM was
implemented by combining two language models (news, Bible) using the command shown in
Figure 4.4. As shown in Figure 4.4 lambda values are values from [0.1-1] with the difference of
0.1 excluding 1 since the , (lambda) value is between 0 and 1. The acoustic model we used for
the STD development was LVCSR. We used files such as phonetic dictionary, language
model.bin, where we convert it using the command (sphinx_Im_convert -i
language_model.Im.(dmp) -o bin_language_model.Im.bin). Hence, the result was a language
model in bin format. The other files we used for the development of the system (the acoustic
model for transcription) were all inside filename.ci_cout like feat.params, mdef,
mixture_weights, noisedict, transition_matrices, and variances. By using these files and sphinx4
API incoming segmented *.wav files could be recognized or transcribed. The system integration

of ASR with java was made by following the procedures described on the sphinx site [17].

fDesktop/srilm/bin/i686-m645 sudo ./ngram -order 3 -1m intpolNew

s.lm -mix-1m intpolBible.lm -lambda 8.1 -write-1lm intepBibleNews.lm

Figure 4. 4Interpolating two language models using news and Bible LM

4.1.2.4. Locating the Time Frame

To locate the time frame, different steps were followed. The time frame was located using
python’s pydub library . The function we used called “detect_nonsilent”, and this function
locates the time frame by first detecting non silent part of the speech or using the spoken parts of
the speech. This segmentation was performed using parameter like “min_silence_len” and
“silence_thresh”. So, we wrote a code using python with the script named “timeframe.py” which
could locate the time frame of the segmented speech. The last step of the process was alignment.
In this step, the time frame and transcription made by ASR were aligned which is shown in

Appendix E of the report.

4.1.2.5. Integration (Alignment)
Once the segmented speech is decoded and maintained in a text file, the next step is an
alignment. In this step, we find and map the time upon which transcribed or decoded text is

available. All these were done using java and python in combination. Using java, we called
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programmatically every python scripts and sphinx 4 acoustic models. Here, the time frame for
every segmented speech was done by python’s pydub package. The final step was just searching
a word from a transcribed text file using text query. We tried to append the time frame with

respective segmented audio files.

We used Netbens IDE to integrate all the sub-components. We further used sphinx 4 API inside
java and the python scripts. In addition, we developed GUI using javas JFrame which is a top-
level container that provides a window on the screen. Sample code inside Netbeans is shown in
the Appendix H.

4.1.2.6. Searching

The final step of the STD was query term searching. This was done using the aligned text file
stored in the Windows file system. We used simple java string mapping function which
compares query terms and the aligned text and retrieve the time with the transcribed text. The
Sample GUI code we used for the GUI development is shown in the Appendix H of the report.

4.2. Experimental Results and Discussion
In this section, the results obtained from our experiment are discussed. This includes comparison
of the manually and automatically segmented speech as well as text-based STD that we

developed.

4.2.1. Test Speech Comparison
Discussion on comparison of automatically and manually segmented speeches is presented in
this section. Changing the training, test and language models have impact on the ASR system

that we developed using Bible speech corpus.
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4.2.1.1. Comparison between Automatically and Manually Segmented Speech Varying LM

The evaluation is made using the popular ASR evaluation metrics WER. Apart from
performance comparison for training transcription, this is used to compare the evaluation for the
ASR test speech.

Column Name Description

The description of each column we used that shows the experimental result on Table 4.1
described here. The column named, Model id was given by the authors for ASR model we
generated where the model id RM/RA/RSA OV-xx (ResultManual, ResultAutomatic,
ResultAutomoaticSmall-Open Vocabulary and the final label is number of sentences we used
while generating the language model) and RM/RA/RSA CV-xx (ResultManual,
ResultAutomatic, ResultAutomoaticSmall-Close Vocabulary and the final label is number of
sentences we used while generating the language model), No of training sentences for LM
(number of sentences used to create a language model), Training set (data used to train the
recognizer), Manual(test set) (manually segmented test speech), Automatic | (automatically
segmented test set/speech more like phrase and word like segmentation), the Automatic 11
(sentence like segmentation or whose segmentation is long) and column (Manual- Automatic 1)
is the difference between the manually segmented speech with that of the automatically
segmented speech I). The last column (Manual-Automaticll) shows the difference between the
manually segmented speech and the automatically segmented speech Il or the result of phrase-
like segmentation. For example, RM/RA/RAS OV-5000 refers id for RM OV-5000, RA OV-
5000, and RAS OV-5000 manually, automatically and automatically with phrases or word like

segmentation respectively.
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No Test transcriptions WER (%) Difference
sentences
Model No of Traini | Manu | Auto | Autom | Manu | Auto | Auto Ma | Man
id training ng set | al(tes | mati aticll | al matic | matic | nua | ual-
| 1l I- | Auto
sentences tset) cl Aut | mati
for LM or?1 cll
atic
|
Open Vocabulary
1 RM/RA/ 5000 | 1-950 90 91 245 78.3 81.1 91.1 2.8 10
RAS OV-
5000
2 RM/RA/ 10000 | 1-950 90 91 245 76.8 79.0 89.6 2.2 | 10.6
RAS OV-
10000
3 RM/RA/ 10600 | 1-950 90 91 245 71.0 74.1 87.1 3.1 13
RAS OV
10600
Close Vocabulary
1 RM/RA/ 5000 | 1-950 90 91 245 | 66.8 68.1 82.0 (1.3 | 15.2
RAS CV-
5000
2 RM/RA/ 10000 | 1-950 90 91 245 | 63.9 66.0| 814 |21 |175
RAS CV-
10000
3 RM/RA/ 10600 | 1-950 90 91 245 | 54.4 56.5 77.6 | 2.1 | 23.2
RAS CV
10600

Table 4. 1 The effect of language model on the ASR comparison performance

The tabulated results (Table 4.1) show mainly the effect of changing language model on the

manually and automatically segmented speeches. For the comparison, we used the same length

of speech.

The first three experiments showed how the training text used in developing the language model

positively affects the WER.

We found that increasing the size of training text for the development of the language model to

10.6k sentences increases the performance of the ASR in all the systems. Here, the manually

segmented speech and automatically segmented speech (Automatic I) show closer results. It also
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shows a higher WER difference when compared to Automatic 1l where the segmentation is most
like phrase and word level. In addition, using closed vocabulary in the language model showed a
major decrease in the WER and increase in the ASR performance when it is compared with using
open vocabulary.

The three screenshots in Figure 4.5, 4.6 and 4.7 shows the perplexity for language models
obtained using the developed using 5, 000, 10,000 and 10,602 sentences respectively. The result

was obtained using the command

sudo ./ngram-count -order 3 -interpolate -text Im.txt -Im bible.Im -vocab bible.vocab

sudo ./ngram -Im bible.Im -ppl bibleTest.test

file bibleTest.test: 920 sentences, 803 words, © 00Vs

® zeroprobs, logprob= -3047.18 ppl= 2583.99 pplil= 6233.61

Figure 4. 5 Perplexity of the language model using training text of 5,000 sentences

file bibleTest.test: 90 sentences, 803 words, © 0Q0Vs
8 zeroprobs, logprob= -2910.93 ppl= 1818.53 pplil= 4217.63

Figure 4. 6 Perplexity of the language model using training text of 10,000 sentences

file bibleTest.test: 90 sentences, 803 words, © 00Vs

O zeroprobs, logprob= -2547.23 ppl= 711.943 ppll= 1486.44

Figure 4. 7 Perplexity of the language model using training text of 10,602 sentences

In addition to the perplexity of the LM’s we also computed the OOV rate and vocabulary size for
the training text of 5, 000, 10,000 and 10,600 sentences.
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No No. language test OOV rate
sentences
LM No of No of Man | Autom | Auto | Manua | Auto Automa

training | unique ual(t aticl matic | | matic | ticll
sentence | vocabula | est 1l |
sforLM | ries set)

1 O0V5000LM 5000 13,573 90 91 245 218 219 222

2 0O0V10000LM 10000 25,673 90 91 245 153 154 158

3 0O0V10600LM 10600 26,364 90 91 245 100 101 103

Table 4. 2 OOV rate and unigque vocabularies of the language model using manual, automatic |
and automatic Il as a test text

Table 4.2 shows the OOV rates of language model that was trained with different training
(5000,1000,10600) texts .The result shows as the size of the vocabulary increases the OOV rate

decreases and the better the language model. Therefore, the size of the vocabulary increases the

perfomace of ASR.

4.2.1.2. Performance Comparison Using Training Speech dataset

Performance of ASR system was compared by varying the training sets holding test

transcriptions same in every iteration. This was conducted to check how the ASR performs while

changing the training set and its effect on the automatically segmented speeches.
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No Test transcriptions WER (%) Difference
sentences

Model Id Training | Manu | Auto | Autom | Manu | Auto | Auto | Manu | Manu

set al(test | matic | aticll al matic | matic al- al-

set) | | Il Auto | Auto

matic | matic

| |

1 RM/RA/RSA 100 90 91 256 64.8 | 65.1| 84.8 0.3 20
-100

2 RM/RA/RSA 200 90 91 256 59.9 | 58.7| 81.6 1.2 21.7
-200

3 RM/RA/RSA 300 90 91 256 56.4 | 58.8| 82.0 2.4 26.5
-300

4 RM/RA/RSA 400 90 91 256 549 | 59.1| 815 4.2 26.6
-400

5 RM/RA/RSA 500 90 91 256 545 | 59.8| 81.3 49 26.8
-500

6 RM/RA/RSA 600 90 91 256 55.9 60 | 81.2 41 25.3
-600

7 RM/RA/RSA 700 90 91 256 553 | 56.8| 81.5 1.5 26.2
-700

8 RM/RA/RSA 800 90 91 256 56.9 | 575 | 81.6 0.6 24.7
-800

9 RM/RA/RSA 900 90 91 256 54.4 | 58.2 83 3.8 28.6
-900

10 | RM/RA/RSA 1000 90 91 256 55.5| 56.5| 82.2 1 26.6
-1000

11 | RM/RA/RSA 1050 90 91 256 55.2 | 589 | 825 3.7 27.2
-1050

Table 4. 3 Result of manually segmented speech through using different sets of training data

Column Name Description

The description of the each column we used that shows the experimental result on Table 4.3
described here.The column named, Model id used to show the result obtained by varying the
training sets. For example RM/RA/RSA-100 refers id for RM-100, RM-100, RM-100 manually,
automatically and automatically with phrases or word like segmentation respectively using 100
sentences in training set. Therefore RM/RA/RSA-200 to show we used 200 training senteces.

Column Training set (data used to train the recognizer), Manual (test set) (manually
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segmented test speech), Automatic | (automatically segmented test set/speech more likely
phrase and word like segmentation), the Automatic Il (sentence like segmentation or whose
segmentation is long) and column (Manual- Automatic 1) is the difference between the
manually segmented speech with that of the automatically segmented speech I). The last column
shows the difference between the manually segmented speech and the automatically segmented

speech Il or the result of phrase-like segmentation.

Table 4.3 shows how the performance of ASR varies while changing the training set, holding the
language model and test speech the same and using close vocabulary. The total sentences used to
create a language model were 10602. All characters used in the test transcription were also being

available on the training set.

From the above result, Automatic | column and Manual column shows very slight difference in
WER. As the WER of the manual decreases, the WER result of the automatic | also decrease,
and vice versa. However, the WER result of Automatic Il was very large when compared to that
of the manually segmented test speech in every experimental iteration. For example in the 1%
iteration using 100 training sentences we found a WER of 64.8, 65.1 and 84.8 respectively
having a WER difference of 0.3 and 20 for Manual-Automatic | and Manual-Automatic Il

respectively.

This implies sentence level automatic segmentation (Automatic 1) would yield very close result
to manually segmented speech. On the other hand, Automatic Il shows very large difference with
the manually segmented speech in every experimental iteration. This is because the language
model performs better if the segmentation is sentence-like unit apart from word or phrase level

segmentations [67].
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4.2.1.3. Performance Comparison Using Test Sets

In this experiment, comparison was made to check the performance of ASR by varying the
length of test transcription holding the training corpus same in every experimental iteration. In
the experiment even if length of sentence is varied, content of the speech (starting and ending) of

the speech is same for test transcription.

No Test transcriptions WER (%) Difference

sentences

Expermental | Trainin | Manu | Auto | Autom | Manu | Auto | Auto | Manu | Manu
result id gset | al(test | matic | aticll al matic | matic al- al-
set) | | I Auto | Auto

matic | matic

Before graphemes normalization

1 RM/RA/RSA- | 1050 60 60 167 69.8 | 75.9 87 6.1 17.2
C1

2 RM/RA/RSA- 87 91 245 749 | 759 | 88.2 1.0 13.3
c2

3 RM/RA/RSA- 105 111 295 76.3| 782 | 89.3 1.9 13
C3

4 RM/RA/RSA- 214 248 602 744 785| 91.1 4.4 16.7
C4

5 RM/RA/RSA- 307 369 877 745 793 | 941 4.8 19.6
C5

After graphemes normalization

6 RM/RA/RSA- | 1050 60 60 167 69.8| 746 | 86.1 4.8 16.3
C6

7 RM/RA/RSA- 87 91 245 73.0| 741 | 87.1 11 14.1
c7

8 RM/RA/RSA- 105 111 295 746 | 76.8| 883 2.2 13.7
C8

9 RM/RA/RSA- 214 248 602 73.2| 77.6| 90.6 4.4 17.4
C9

10 | RM/RA/RSA- 307 369 877 73.5| 785 93.6 5.0 20.1
C10

Table 4. 4 The impact of ASR by maximizing length of test speech holding the contents of manual,
automaticl, automatic 11 same
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Column Name Description

The description of each column we used that shows the experimental result on Table 4.4
described here.The column named, Experimental result id used to show the result obtained by
varying the test sets. For example RM/RA/RSA-C1 Result of Manual/Automatic(sentence like
segmentation)/SmallAutomatic(phrase like segmentation) and C1 which was segmented in
60,60 and 167 respectively. In the same way the second segmentation RM/RA/RSA-C2 uses
87(Manual segmentation), 91(sentence like segmentation), 245(word or phrase like
segmentations) where the length and content of the audio file was the same except varied
segmentations 87, 91 and 245.

The result shown in Table 4.4.was based on experiment done using the open vocabulary
language model and before graphemes normalization and after graphemes normalization of the
training and test sets. In addition, since we didn’t incorporate all words which sounds the same,
different representation like replacing «, (h a) with v (h a) shows a decrease in word error rate
from 74.9to 73.0 in the 2™ and 7" iteration, 76.3 to 74.6 in the 3" and 8" iteration and all the
remaining iterations such as 4™ and 9" 5™ and 10" also shows a decrease in WER except on the
1 and 6" iteration which shows the same result using the manually segmented speech. For
automatic I, we also found a decrease in WER difference from 75.9 to 74.6, 75.9 to 74.1, 78.2 to
76.8, 78.5 to 77.6, 79.3 to 78.5 in the 1% and 6™ 2" and 7", 3" and 8", 4™ and 9", 5" and 10"
iterations respectively. For the automatic I, similarly, we found a decrease in WER difference
from 87 to 86.1, 88.2 to 87, 89.3 to 88.3, 91.1 to 90.6, 94.1 to 93.6 in the 1% and 6", 2" and 7",
3 and 8" 4™ and 9", 5™ and 10" iterations.

In general in this experiment, we found that using same graphemes both on the training and test
sets shows a slight decrease in the word error rate of both on the manually and automatically
segmented speeches.

In general, in this experiment, we experimented the impact of increasing both training and test
speech corpus. In addition, we used graphemes, closed vocabularies, which decrease the WER
and compared the result of the manually and automatically segmented speech. In all experiments,
the sentence-like segmentation (Automatic 1) shows a closer WER difference to that of the
manually segmented speech when compared to Automatic 1l which shows a relatively high WER

difference.
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Therefore from this experiment we answered the research question “What the effect is of
manually and automatically segmented test speech on ASR performance”.From the result we
found manually segmented test speech showed less WER. The automatically segmented test
speech (sentence like segmentation/Automatic I) showed a less WER or closer to the manually
segmented test speech. On the other hand (phrase/word like segmentation) showed a larger WER

compared to both the manually and automatic | (sentence like segmentations).

4.2.1.4. ASR Performance Comparison Using Different Domains
This section shows the performance of the recognizer (LVCSR) upon using speech corpus

developed using the news speech as training and Bible and news as tested speech corpus.

No Training speech Test speech LM WER (%)
1 Bible speech corpus Open vocabulary 92.8
2 News speech corpus Open vocabulary 64.9
3 | News speech corpus Bible speech corpus Close vocabulary 90.6
4 News speech corpus Close vocabulary 53.6

Table 4. 5 Performance of ASR upon using different test speech domain corpus

The data shown in Table 4.5 shows the performance of LVCSR [14] upon using different test
speech domains. We used an 8-minute test speech with different speech content. Since the
LVCSR trained with news speech corpus the error rate of the recognizer is less compared with
that of the bible test speech corpus which is a different domain. Even if using a closed
vocabulary decreases the WER, we didn’t observe a significant difference between the two
domains. Therefore from the result, we selected a minimum WER for our system development.
We developed a system with LVCSR’s WER of 53.6 which has the best performance.

4.2.1.5. ASR Performance Combining LM and Different Domain speech

This section shows the performance of the ASR obtained by combining training speech corpus
and LM of two different domains. The first domain was from the news LVCSR speech corpus
and the other was the Bible speech corpus. This experiment was conducted because the WER of
ASR was 90.6% as depicted in Table 4.5, upon using Bible test speech corpus on ASR trained
using LVCSR news speech corpus. Therefore we conducted another experiment to check the
performance of ASR by combining the LVCSR and Bible training speech corpus and LM of the
LVCSR and the Bible.
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Training speech Test speech A (Lambda) Bible WER%
0.1 46
0.2 46
0.3 46
0.4 46
Bible+News speech corpus Bible speech 05 46
0.6 46
0.7 46
0.8 46
0.9 46
1 47

Table 4. 6 Using interpolation technique to improve the WER of the speech recognizer

The data shown in Table 4.6 .shows WER of a speech recognizer developed using LVCSR
developed by combining LVCSR news speech corpus and bible speech corpus. The result was
obtained by changing lambda values with an interval of 0.1. We obtained a result of 46 % for all

experiments except for one we found 47 % where the lambda value was 1.

From the two experiments we made, we found that combining the LVCSR with the Bible corpus
and interpolating the LM developed for LVCSR and Bible speech corpus shows a decrease in
WER of the ASR. From Table 4.4, WER of 90.6% was obtained by using LVCSR news speech
and bible as a test speech. By using the same Bible test speech but by combining the two
different domains of news and Bible speech and interpolating the LM’s of LVCSR news and
Bible LM’s we found a WER of 46 shown in Table 4.5, which shows a large WER difference of
44.6. Therefore combining two different training speech corpus and LM’s, would vyield a
decrease in WER or a better ASR model. We also used this result (acoustic model of ASR with
WER of 46 %) and developed a text-based STD which is from the Bible domain.Therefore the
research question “What is the effect of ASR recognition errors on searching using different
domains”, was answered as showen in the tabulated result of Table 4. 7 where using same
domain to train and to test the performance of ASR shows a better WER that using different
domaing i.e bible domain for ASR which was developed using broadcast speech domain.In
addition we combined the traning speech corpus of the LVCSR and Bible speech corpus and
interpolate the langage models of the LVCSR and the bibe speech and we experimented it using

the bible speech corpus which we found a slight decrease in the WER.

56




4.2.1.6. Segmentation Time

While performing preprocessing or transcription, we tried to manually segment or trim for some
portion of the unsegmented file using the most frequently used software audacity. It took an
average time of 3 hours to segment a 3-minute and 30-second speech into 40 chunks or
segments. The task in audacity included naming the file according to user’s interest which may
result in error and tedious task. This time doesn’t include the transcription part which is listening
and copying and pasting text using different editors because it is a common task that is done in
either of the two (manual and automatic transcription).

In order to have a full audio file, we manually segmented for at least 3-minute and 30-second
using Audacity. Apart from performance comparison, we also tried to check for the time taken to
segment unsegmnted audio file even if it is short duration in length. While performing automatic
segmentation, we used Audacity software which is audio processing software. For a 30minute
and 30-second file, it took an estimated 30-45 minutes by the researcher. The result can be used
as a baseline to forecast when the audio file is large. However, the time it took us to segment the
unsegmnted speech using pythons pydub package for an audio file length (1:15:35) was
0.0:8.0:2.9559926986694336(zero hour, 8 minute and 3 seconds) which is less compared with

the manually segmented speech.

4.2.2. Text-based STD Development

In this experiment, we try to design and developed a text-based STD and evaluated the
performance of the system using ATWV (Actual Term Weighted Value).

4.2.2.1. Speech Search using News Data

The screenshot shown in Figure 4.8 depicts Amharic text-based STD GUI (Graphical User
Interface) which can accept Amharic query text (from news domain) and display where the
speech is located in hour, minute and seconds. Starting and ending times are displayed within the

square bracket as shown in the text area of text-based STD GUI.
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(L] AMCE Y90 A AT TOLATS — O >

ATICT T1IC 4-B8 FoT(E) 4.8 hi-Fa () Tehh =187 Evc(c)

PoRLALP $0(E) NhadT

PHTIL0AT ARALE AAS(E)

segment00. wav®® [ 0:00:00 6680007, 0:00:10.070000 |**segmento0 wav 0LV P8 ATANT
riemaht nhafed Ny &/ ARH AN AT Pl @2 Piel 07257 Aetddee e OC Fa

Figure 4. 8 GUI for searching the speech using news query word

The following steps are to be followed to search a speech and then the system to locate a time
frame for the spoken speech in the file. The user first selects an audio file over which speech is to
be searched. To select a file from a computer system, user can select a button labeled A77¢% 79191C
420 9°41(5) (select speech file (1)) where geez (One) or 1 the GUI that shows list of
directories after selecting the button is shown in appendix J of the report, it is a first step that a
user has to use. After the user selects a file, the other button labeled (424 h4-44(g)) or segment
file(2) where the geez g (two) or 2, need to be selected. In this step, the system will internally
segment the audio file which is already selected in the first step. Segmentation of the audio file is
made automatically according to the parameter given or using a minimum silence and silence
threshold. After segmentation is completed, the third step is the basic process where the time
frame of every segmented speech is located or identified, and transcription and alignment tasks
are made. The fourth step is requiring users to insert an Amharic query text ea2d.A1.9 (o) or
search query(4). Then the final step is getting the result from a system; i.e., getting the time
frame of spoken speech through simple searching that is made using java code. Finally, when the
user presses the button with the label e+r10+7 aat/ 11 402 (Z) show the time(5), the system will
show the time interval over which the query text is located through tracking and searching from
the selected audio file which was given in stepl. Sample result is shown in the text area of Figure
4.8.
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Query | Transcription Transcription by the Correctly transcribed and
term should be system located
ahadF | segment00.wav segment00.wav** (taopnt
;[,\?,IZL\Z;KOC;.;D ['0:00:00.668000, Ohan-T
ittt ARACT | 0:00:10.0700007+* AT
PATIAT RINNT

0+ALe NPT

segment00.wav (HV
PATNNT TR

ATILDYIO oD F BT A0t rardlt NhAeT

hGCHPa] 1Y 978 A8.0 ANO AT
Pt oo 0t V16T
ATILI® N9 OC PO

Table 4. 8 Search result description using news data

The above table (Table 4.7) depicts that the systems transcription, transcription by hand and
words which are correctly recognized by the system. Manual and system transcriptions are
highlighted in bold to show the difference.

The column ‘Transcription should be’ (Table 4.7), it shows what it should look like if it is
transcribed without error. The result “segment00.wav [PA7CasT AT0\T79° (tavaht QhddeT
OHSTFS 0A%0 A0 OFALE OFPT PATNINCT TTANNTT ATIRRP aoF+87 AN-CHPA] iS @ manually
transcribed speech and segment00.wav is its respective audio file. The column “Transcription by
the system” (Table 4.7), shows how the system decodes and locates its respective time frame.
From the result “segment00.wav** ['0:00:00.668000', '0:00:10.070000"]**segment00.wav (H.U
PO A0 (FevAnt QhANT OHY 920G A% ANO ANt Pot @< Piet V16T ATIRRI® Dt oC
S« segment00.wav is the segmented audio file where the query text (Mhéaet) is located. The
time in square bracket ['0:00:00.668000', '0:00:10.070000"] shows the interval upon which the
query text nhaaet is located. The square bracket ‘0:00:00.668000° indicates the search query
term begins at 0 hours 00 minutes and 00 seconds whereas ‘0:00:10.070000” indicates the
search query term ended at 0 hours 0 minute and 10 seconds. We can say that the word @hAd=T is
located in between 0 seconds and 10 seconds of the selected audio file. Sample system
transcription and respective time frames for the 7-minute and 59 seconds test speech could be
found in appendix F of the report. The last column of Table 4.7 shows a list of words (-+eeAht,
nhaaeTF, amigee® which are correctly recognized by the system and if these terms are to be

searched, their time frame can be correctly located by the system. The other word ¢h1&14=T+ was
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retrieved as A7&<14et where the prefix ¢ was missing, which could be solved using Amharic
steamers which is not included in this study. However, if we search for the word A 7CsT as
shown in Figure 4. 9, we could not find it at segment 00 (between 0 and 10 seconds) because it is
not correctly recognized by the system. This requires further improvement of the ASR.
Therefore, if we can develop and have a better speech recognition system, decoding and system
retrieval for every query term in a given speech could be located with its respective time frame
more precisely. Therefore the research question, “What is the effect of ASR recognition errors on
searching the recognized text?” was answered since ASR didn’t recognize/decode all words
correctly we were not able to get the word eA.7+Cst even if this word was spoken in the audio
file.

| L] AE9CE B9EIC A COLALE - U X

A=CEF THIC 488 LT(E) 4848 héga(z) Tehh =1L EoC(T)

PeLALE $O(3) PhHCLT

fr1antr dhdiih Ag(E)

Figure 4. 9 GUI for searching the speech using different news query word

4.2.2.2. Speech Search using Bible Data

This section shows text-based STD which was developed using ASR with a WER of 46% tested
with a bible speech length of 8 minutes and 16 seconds. The result was obtained by interpolating
the language models of LVCSR and Bible language models. The screenshot shown in Figure
4.10. depicts Amharic text-based STD GUI (Graphical User Interface) which can accept
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Ambharic query text (from Bible domain) and display where the speech is located in hour, minute

and seconds.

=

ATICT T-IC 4Bl FLT(E) .28 hi-Fa(E) Tehh =1849 EC(r)

PerLALE PA(D) &L

P12t T OATI1E Mg(E)

segment22 wav®*[ 0:01:56.161000". "0:02:04 725000 |**segment2z wav L& i URET ACET €2
tet=T had HEE

segment38 wav® * [ 0:04:07. 686000, "0:04:00 725000 [**segment3B wav 1H AT P17 £& AECT
segment43.wavt [ 0:04:25. 118000, '0:04:20.108000 |**segment4I wav AE Hh €2 LR "15 HE

- BELMA AT BmAL

segment54 wav®* [ '0:05:16. 876000°, "0-:05:20 638000 |**segment54 wav F& -

Figure 4. 10 GUI for searching the speech using Bible-related query word

A detailed explanation of the retrieved result shown in Figure 4.10, obtained by using the query
term &¢ is shown in Table 4.8. From Table 4.8 segment 22 and segment 54, the search term &¢&
was incorrectly transcribed by ASR which was not spoken at segment 22 and segment 54 on the
time interval [0:01:56-0:02:04] and [0:05:16-0:05:20] respectively. In addition, no word was
correctly recognized in segment 54 compared to all other segments. However, on segment 38 and
segment 43, the word &¢ was correctly transcribed and the query term could be found at the time
specified by the system. In addition at segment 22, the word va+7%5 was decoded as vas-+ which
could be solved by finding the root word (steamer). Moreover, the word &¢ has appeared two
times and the system located and displays two search results in every segment (segment 38 and
43) it was correctly decoded by the ASR. Sample system transcription and respective time
frames for the 8-minute and 31 seconds Bible test speech could be found in appendix G of the

report.
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Query | Transcription Transcription by the system Correctly

term should be transcribed and
located
Fé segment22.wav segment22.wav**['0:01:56.161000', | TivF
[ACOHP> Fa0vf URETS || , MG
ASE? OANT PHE 0:02:04.725000']**segment22.wav
g e Mi(le 42T ik VRS KEET G nes
PHAAD h29.4.89° htor i e
®L N BL.] VAT VRGT

segment38.wav segment38.wav**['0:04:07.686000', | A%w
(W80 AW 29770

G RECT | '0:04:09.725000**segment38.wav | #7411
1H AHD P9110 G AECT Fé
A&CH
segment43.wav [ | segment43.wav**['0:04:25.118000', | °hh?®
AT15.0 @A €4
PNORCT HE e '0:04:29.198000'**segment43.wav | &
SRLMO OL KT | AT aophg® €4 LH, I HE: 1%
£MAQ | U
U+t SRLAMA AV MAA
LRLMA
hadgo
2MAA

segment54.wav [ | segment54.wav**['0:05:16.876000', | No word was

WP AT19T thek | , .
ehaANECo avyn | '0:05:20.638000**segment54.wav | recognized

AL CoN ] G4 10~

Table 4. 9 Search result description using Bible data

4.2.3. Performance Evaluation of STD

The performance of text-based STD is evaluated using the most frequent and less frequent words
on the speech corpus. Its accuracy could be measured using Actual Term-Weighted Value
(ATWV) [68]. The ATWYV evaluation is performed on an 8-minute read speech which was
recorded by us as explained in the methodology part of this report.

4.2.3.1. Performance Evaluation (ATWYV)
Actual Term-Weighted Value (ATWYV) is a new metric, created to reflect one potential use of an

STD system. It is used to quantify system accuracy on a particular set of query words [68].
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ATWV is defined in equation 5.1 as:

N . « N i (5)
ATWV = mean '.C?”—E':t{"} -3 w
Nirye(s) T — Niye(s)

(5.1)

Where the search term s occurs Ntrue(s) times in the reference transcript and the system makes
Ncorrect(s) correct and Nspurious(s) incorrect assertions of s. T is the total duration of the audio
corpus in seconds. The parameter 3 incorporates the relative costs of misses and false assertions
and the prior probabilities of search terms; it was set to 999.9 for the evaluation. To avoid

division by zero, the mean is taken over only the terms in the set for which Ntrue(s) is positive.

4.2.3.2 Selected Words for Evaluation using News Speech

To measure the accuracy, we selected a total of 26 most and less frequent words within a training
set of LVCSR. Most frequent words are words whose frequency is greater than 60 or words that
exist more than 60 times and less frequent words are those which exist less than 30 times in the
training set of the speech corpus. A list of all words with their frequencies is shown in appendix
D of the report.

No | Type Word | Frequency | Ntrue | Ncorrect | Nspurious | ATWV
in training
corpus
1 | Most A0 235 2 1 1 0.46
frequent
2 | word He 194 1 1 0 1
3 1% 190 2 1 1 0.46
4 nF 167 3 1 2 0.25
6 hi 143 2 1 1 0.46
7 ana 113 1 1 0 1
8 0+l 112 1 1 0 1
9 oA | 112 1 1 0 1
10 tenTs | 101 1 1 0 1
11 het 99 1 1 0 1
12 74 74 1 1 0 1

(o))
w



13 a7t | 60 1 1 0 1
14 | Less tiamrt | 25 1 1 0 1
15 | reauent 22 1 1 0 1
16 HmS 22 1 1 0 1
17 awnc | 21 1 1 0 1
18 +L 16 1 1 0 1
19 (% 15 1 1 0 1
20 Hovy 12 1 1 0 1
21 ™50 |8 1 1 0 1
22 enct | 7 1 1 0 1
23 Ph 2 1 1 0 1
24 &< 4 1 1 0 1
25 nerd |4 1 1 0 1
26 ahaceT | 1 1 1 0 1
Average 0.98

Table 4. 10 Most and less frequent news words

AWTV= (98%)

Duration of test speech=>» (7:59)
WER =»(53.6)

The results in Table 4.9 show the performance of text-based STD upon using ASR which was
developed using LVCSR with ATWV of 98.6%. In order to test the system, we used a 7-minute
and 59-second test speech as described in the methodology section.

4.2.3.3. Selected Words for Evaluation using Bible Speech
In order to measure the accuracy, we selected a total of 26 most and less frequent words within a

training set of LVCSR. Most frequent words are words whose frequency are greater than or
equal to 15 or words exist more than 15 times and less frequent words are those which exists less

than 15 times in the training set of the speech corpus. List of all bible words with their

frequencies are shown in appendix E of the report.
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No | Type Word Frequency | Ntrue | Ncorrect | Nspurious | ATWV
in training
corpus

1 | Most Ul 84 2 1 1 0.46
2| reduent her (6 1 |1 0 1
3 | Above NI | 44 1 1 0 1
i R < S 2 |1 1 0.46
6 Dt 25 1 1 0 1
7 P40 22 1 1 0 1
8 K&l 21 3 2 1 0.57
9 [ 21 4 3 1 0.7
10 VRS 20 1 1 0 1
11 Phes 19 2 1 1 0.46
12 Havy 19 4 2 2 0.49
13 aop\hg° 19 1 1 0 1
14 | Less Fe 10 2 2 0 1
e e LR
16 @ARNT | 8 1 1 0 1
17 He: 4 1 1 0 1
18 awpPe |3 1 1 0 1
19 Téd 3 1 1 0 1
20 necer |1 1 1 0 1
21 aeeea |1 1 1 0 1
22 AW 1 2 2 0 1
23 bhQ 1 1 1 0 1
24 &7 1 1 1 0 1
25 M&C 1 1 1 0 1
26 MmHC 1 1 1 0 1

Average 0.89

Table 4. 11 Most and less frequent Bible words

65




The result shown in the table (Table 4.10), shows ATWYV of every selected query term and
finally the average ATWYV with 85%.In our experimental evaluation, the researchers understood
that when the Ncorrect is less and Ntrue is higher the average ATWV will decrease and in
reverse when the Ncorret and Ntrue values difference approaching to zero the average ATWV

will increase which implies the performance of the system increase.

4.2.3.4. Performance Evaluation (Efficiency)
Running the system by using the environmental setup we mentioned in chapter 4 of this report,

we found different efficiency results.

Time  took | Test Duration of | Time

for Speech | a speech

Segmentation | News | 00:07:59 00:00:49(0 hours, zero-second and forty-nine second)
Bible | 00:08:31 00:01:09(0-hour, one-minute and nine second)

Figure 4. 11 Transcription and segmentation time by the STD

The result shown in the above table (Table 4.11), time taken to segment the given audio files (in
hour, minute and second format) of news and bible speech which was approximately 8 minutes
of speech. The decoding time is also shown in Figure 4.11 and Figure 4.12 which shows the time
took to decode news and bible test speech respectively.
[ Output  x

STD (run) = STD (run) #2 =

- e e S — - - _————

14:45:05.578 INFQ memoryIracker Mem Total: 208.50 Mb Free: 286.13 Mb

[] 14:45:05.578 INFO memoryTracker Used: This: 522_37 Mb Rwvg: 522 _37 Mb Max: 522 _37 Mb
%% 14:45:05.572 INFO trielNgramiModel LM Cache Size: 1250 Hits: 17777 Misses: 1250

Transcription time: 0:12:30

Table 4. 12 Time took to decode news speech

[ output  x
STD (run) = STD (run) #2 x

i _—— o e —— ———— = - _———— —_———— ———— o ———

15:08:51_.765 INFO memoryTracker Mem Total: 765.50 Mb Free: 554_211 Mb

[] 15:08:51.765 INFO memoryIracker Used: This: 215.2% Mb Rvwg: 215.25% Mb Max: 215.25 Mb
%% 15:08:51.7c5 INFD trielgramiModel LM Cache Size: 2520 Hits: 45244 Misses: 2520

Transcription time: 0:13:24

Figure 4. 12 Time took to decode Bible speech
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CHAPTER FIVE
CONCLUSION AND RECOMMENDATION

This section outlines the conclusions drawn from the findings of the present study and possible

future works in the field.

5.1. Conclusion

The improvement in technology and processing power of systems (computer), emergence and
service improvement in social Medias create users to produce multimedia information easily.
Accordingly, millions of audio files are generated and disseminated globally every day by
individuals and organizations.

However, searching for the location of a particular word with its respective time interval is a
challenge, particularly for languages like Amharic which are spoken by small number of the
global population.

This study aimed to locate the time interval upon which the speech is located using user's query
text and that was achieved by developing ASR. The ASR was developed first by comparing the
automatically and manually segmented speech. For the automatically segmented speech study,
we looked into phrase/word-like segmentation and compared it with sentence-like segmentation
(in length of word). This helped us to select optimal segmentation to be applied for the
development of text-based STD. We found that the performance of sentence-like segmentation
was much more similar to that of the manually segmented test speech. Therefore, we used
sentence-like segmentation for our automatic segmentation in our text-based STD. The acoustic
model for the text-based STD was developed by using the speech corpus of LVCSR and tested
with automatically segmented speech. First, we developed a LVCSR from the broadcast domain
and tested it with an automatically segmented Bible and news domain. The result showed that
using the same domain for both test and training speech corpus for ASR development performs
better than using different domains. However we also go further to check the performance of
ASR by combining the training speech corpus from the broadcast domain and the Bible speech
by interpolating the LM’s as well and using Bible as a test speech. We found that combining the
training and LM’s of two different domains showed better results than training ASR from one

domain and test with speech from another domain. We used the acoustic model of the above
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LVCSR from the news domain and by combining the LVCSR broadcast and Bible domain to
develop STD. Therefore as the performance of ASR increases the possibility of recognizing the
words by the STD system will increase. Finally, the developed STD was tested with different
query words. There were words which retrieved and located perfectly. On the other hand, some
words were not correctly recognized and located while we made our search. Therefore, to locate
and get the exact location, we need to have the best ASR with low WER. If so we could locate
query words with their respected time frame.

This research helps ASR development in such a way that it encourages researchers to use
automatically segmented speech to test their ASR performance. Apart from this, the text-based
STD helps users to search a particular spoken term easily with its time frame.

In our opinion, the text-based STD will help users to easily search time frame and in our study,
we showed that it is possible to locate a time interval for a given spoken word from a given audio
file.

5.2. Recommendation/Feature work
e The technique of comparing the automatically and manually segmented speech can be

applied on the training speech corpus by using the same methodology and technique.

e Text-based STD can be extended to phrase and sentence level searching.

e Contextual searching could also be implemented apart from word and phrase searching.

e Since Amharic is morphologically reach language we recommend including steamers both
on the query word and the transcribed text so that the effectiveness of the text-based STD
will be improved.

e We recommend to extend this work to the health, legislative (court), and many other related
domains.

e All search terms in this study are mostly nouns that require further study on user’s
preference query terms.

e Further study needs to be conducted to handle homophones using a given audio file and
search term.

e The research can be extended into spontaneous speeches.

e Parameters used to segment the audio file was done using minimum silence and silence

threshold which requires automatically estimating those parameters from the users audio file
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e We recommend ways to minimize the running time (efficiency) of the text-based STD.
e A media player could be developed to mark the time frames, which will further enhance

usability.
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Appendix

Appendix A: Phonetic Dictionary

Rm-n?“ hh 1 j aa s u s ee m ee

nev-4 b aa jeehuda

.- bet aa

ALT® leehemee

N+ b aaneegusu

Mécen baaherodees ee
Haoy Z aam aa n ee

oAl b aa t aa w aa 1L aa d aa
LH. gize

A hh ee n aa h o

(114 s aa b ee hh a

(174 s aagaal ee

Pl ohL m- jaataawaal aa d aa w ee

Phe&-£ j aa hh a j ee h ud ee

Appendix B: Sample Training Transcription

¢s> HNCENT® ewdANS AL THOTIN 7 PPNk DAG LD ACT ARG U 097 ha i M </s> (ukas1d)

¢s> aophI® cod) L (INHANG 4 PP beoa- MICAA VT NGO LU 900l N0-INA FAR G </5> (Lukas1s)
<> Nl'%® (TLa P74 Reoms $A At BU YIC AN 700 6% 4N 44 TPGAD o 1CP° WFAT® har < s> (Lukas16)
<s> UHES® NGNS Ll YOG aod€NT° NP AN BL14 G </5> (LukasiT)

<s> 109 U, AS U Far NAFAT® (A cod1T° A NPSE APAACOT® EndOF GRS 1T ¥4 <[> (lukasiB)

<5> PPN odt (1489 of (4 98 <[s> (Lukas19)
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Appendix C: Sample Test Transcription

<> PAECLE NIAINT® ol (NAA (H5F INAN AN (4409 02 ENIATAe TN ATIB S and ) MDA < 5> (01 0501621)

<5 (0 9 Nt ol % 10441 N1k (48,007 N9 PCAS (PP M AUA AT ATTPAA NILTTFA mvhend <[> (81 0501622)

<s> PUNTAEUY (BT Pt SNTMEY CAIEAPRES DG AT AN UICE) ATES AAAZHT AATPS (ARG (HICT A </s> (01 d501623)
<s> Pl fo (PP VBT 4G NG T NG 16 AT FPh0: R N4 ol e[5> (01 d501024)

<> NP (4480 wid N ot )P DATTANT EOLEmATC ABIFYT A EATLA B9°R e 1IN, 108N <[s> (01 d501625)

<s> NAIHTH3E oA NOWE 2% RO Ao TAm DEADAR®, T4 RATTEY AFD PRGN NEF PAAT® AT 1790 401G DHS*Fa P48 </5> (81 0561626)
¢s> U JC ARIAS KA aoAG® T a5, 0@ AR89 NMCEARA <[5 (81 0501027)

¢s> (k@b Lt 0k 0 <5 (81 d561028)

«§> BUYIP Nfen'ss B0 NeoadL: b NG <[5 (81 d581629)

<> It o OpHF @ B9 Mg </s> (01 d501030)

<5 (A (F AT R (HEAATAS AA AT ATIAP emdlith < /5> (81 0561831)

Appendix D: Sample of Most and Less Frequent News Words

Decoded words by recognizer Hit words Frequency
Segment00.wav (Y A A1t O-Faeaht (hddeT (HY a2as At 36
A%.0 ANO ANT PO @< Q0T U7 ATIRRI® o OC P O-+avpnrt 13
Nhdnet 1
A%.0 235
anq n3
W EE e 9
ekl 9
SegmentOl.wav (LU AL @15 AD- +Ae K&4 AW 00¢- do9 | ATt 4
IC 0t 0991 ALt ket D7 071N mkarPA MEAPPAH 19
V1617 38
Segment02.wav AA TIAFFDT PO 1IC 17 WC¢- AgPhahd #7907 | 0ATT 16
U1GT7 WIHFS § AL 10 AAIPG 17 V9IS (WNLT I0C vt 1
segment03.wav 2aPAA EmPA PN IC 0,06 hERI° AL (19¢- No¢- 7
aph AA® KGT RINTE P10+ ALLAT® AAM®- a2(lT A £19° h%kg° 20
av{{ )%} T Y 547
N)¢- 7
P 7
A0S 10
av{ 8T 2
LILTT 120
avhind 65
segment4.wav & JHMGT aphnd ANHGPE He He HIAm hHGPE 16
Hé 194
1AM 32
segment05.wav NHU JC 204 AL Piet av( it vt NF avPg9° hHY 43
C 163
aoPGgP 1
segment06.wav hHv mCrt v-At Ah
segment07.wav P0n9L0r Hé § TIC 17 PO ehay o 3
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+ PO 67
segment08.wav TAGA 1£aP7G (-7 NaPD-(C hD<7 PA 0&avy5 2
0eC7 3
av@-(.C 1
hD7 8
segment09.wav Féh oo § AR, GF@- NPT A Havy P T2 1
OAL.m- 59
segment10.wav 0AL®« (OF et A%0 AA TIATH ATAT 190+ Tj\’ 22
110
a7t 25
L.AAI° 0
Ot 60
segmentll.wav 2O AS ha AT CTAL AL ATIDP T4 Ao 53
A 44
MR 13
segmentl2.wav AAE oo £9°% G- (eaty 48
segmentl3.wav &V TG PO HaPy (A 917 avphe 10+
segmentl4.wav (BA AL GF@- T AT U-AF T1C £919° 1NAI° NAAge 4
LA LA AAT° ao0é- 1NC Féot (LT aPoNT, A FD-BA (L& 23
0+ 190
apo]\sE), 43
RUEXCED 36
segment15.wav 0T OC 0104 (h%0 TAGA WEF@7 HFAA 0700 | hETOY 10
ao)(\sBLM- 1D~ T2 A\ 7700 10
ave)(\sB, M- n
102N 92
segmentl6.wav ke (& T10@1L 100 Fo- TND1L 12
N0 TFo- 1
segmentl7.wav hC AL ANFOEA PO ATIEERI® AAT® 0D+ Af § ham-t+ 1
6 At 80§ Lo (oI 21
segmentl8.wav £V v+ P04 A
segment19.wav (HY AA AN, A58+ bCotée TP, oL lvF4- OHY 95
0TAL ANTPe- AL ST 17 (14 ATEPT TARA tag 50
0aé 10
WU 83
segment20.wav &4t AP avtt 1o et 4
aeUrry 1
vt 31
blog
Havy 12
segment2l.wav A At ¢7 Havy Féh Adet NAD Ad8LC avf Feh 52
a7t LFAN héet 99
LFAN 21
P14 4
segment22.wav S.9°he(L aPAxht 14 17 OC PNAm 9°F ATINT 2P | T 428
ADT T1C 17 KALLT9° o 2
AD-P 19
hALLT9° 4
segment23.wav (A A NF 10+ ATIAT
segment24.wav A APLST HTAN NN T8 MCTE Ad AL mCrt 36
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Nogey PO @O 7 10

segment25.wav U7 A89.8 AL AR9® Ut AAIPG ATt - U7 18
hea.L 17
REIE 20
segment26.wav (HV T0Ta2 ATINF ATT7 A“T7 DH.YU 1A AL PATP (H.Y 95
LA PMC QLG AL VAN HOT7ar- ATy 22
AT 22
hq n
ua 34
CYA& n
segment27.wav CGAL aPGC 1NAPA aweIc 9
N0+ ol
segment28.wav J¢h 2C h USA @A aPAhhit AAT® O-OT AA LAV AN 7
APT° Utk AATP AR D95, AT D-RA NTINT aPAAA
Y VA 65
TG 1
segment29.wav hHU 2C ha o094, AevhAnA 15758 Pat GFo- | ST@- 720
0,0 ao(1PA GF@- 0O 4
segment30.wav 7 09UTT (3 £CET A £ 17 WL avi\ B,
segment3l.wav TFAA eP1A1P (124 @706 o107 ha AL NPT J nas 4
TEAGIP MCrT V2NT Dn, NAAFCXE IC CAFOT V16T TkTIA | 905 37
a9y 61
ha 143
AL 547
aM-gh, 62
TmeTIA 16
segment32.wav Jéh A1CTF avihd A9P7 N3 AL -
segment33.wav 2U - AP LU TNC (e A& At AP o¢ | TTVAC 21
hCrtén 606
NP7 5
&0 4
segment34.wav $L 0. O N3 75 07 AAAANGT TiaFFo<y xy | O 109
LH PCF ANLD- FenT16 PO 03 AL ANLIPMA 0z 78
U 13
(VA 2
TN F DY 4
AOLIPm A 1
segment35.wav 2v 2C 0170F
segment36.wav A AN PHAAD- 2MC B sl-00F A-NAO A AU-7 AR 131
av@-/n 10 TN QN 33
B ni-ot 8
a-nan nz
A 23
segment37.wav A 10 AP A Ahde 1AR.A
PTLT0T 1
segment38.wav Jéh VAL L7750 et - :(1]+07 12
-
- 92
[ i VATAN 7
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segment39.wav 4G hi A PTLAFD- AFOFF avanes, AfoT AA 1@+ | A9 PT/sementu 60
PO KDT PTLA AL MARA U-NE 1D+ BT
segment40.wav J-¢h £9° Havy m( +497 099.F 9OuemF 1P1m-
segment4l.wav A (C AL £ NAA ACTe AL AALA NANANST 10\%.0\/getltsewal | 92
(LA AL hTLA ALI° aof FTFOT 1A %A
segment42.wav 1LH @U ATIELI° oA N7LTT @ aoF4PL (\ok Y 28
N 1L770- 15
a4 0 8
L+ 37
segment43.wav £2€ 10C (@~ U+ PLLANT APgP eesant 2
n4A 52
segment44.wav 17 ATIFAAGE AA® (1554 (1744 10+ 0+ hA ;W\
-
1H 12
segment45.wav 700 2C 094 TONL.D- a0 (G FD- PCF PCF PO
A% &0 ANChT LH £20 ATINVE 10+ P 10+ a0 PO DR TAAPA LN 66
TANAPA 1
Moot 146
segment46.wav PA Uit AT ANE AAIP TINFFO-F IC avG1C %0 15
AgPhANA ALY GF@- YIS £70 aPHIB+ 10N AdT § avolnss, 191A% | &7 (1 19
AL avl D@+ 2
2104 /endemigeb | 32
a
LT 34
segment47.wav NiLy Lo AFO7 2FAN ook A0t Aikkee 7 | SOZ7CT 7
NAPA 0990 Adg- A2€ F29% (LA MC (1734 2V LH PA7°CH DT It 36
hP24« 10 Av~7 AL 917 U\ QD U-v he24- 1
AU-7/ahunem 1
VeA 58
segment48.wav PAPC ULA @A+ +m P, AL IPT aohbd NG TP 5
oY FTT AaPL ST TAGH 97 a7 36
IOV Y 21
AL 5T 8
FAGA I
segment49.wav TP@0- @OFL AA &R
75 5
segment50.wav $€ AgPhAhA 78 hHY OC hh $89% TE&HA T N3 | LY 43
PN Rt VAL boCote Uit +49% 26
TSNS 64
45 9
segment51.wav 4§ 29°he0. A5 oAt hesh AL +mPal LBt | 2Ihe0 33
(84 THF AT a1 HSFo- Fod LCet 59
N4 7
FHP 4
OetT 38
ao(HGFm- 2
JoP 51
ao-f 166
segment52.wav &U He AL P PO a0 TUC ket TG 918 av-e | THTC 6
PA PN POUEHT L8 LIPTA ) 2
a9.9 74
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LUPGA\ [saied
yahelal

segment53.wav Fde AA A PA19T AT At NEA AT 7
A16ET 0L NAA 10+ O0et U

Ph1,07

hf

heo

av-i-t

1o~

it

segment54.wav 2@+ TS&HATE OC (T IC (20T A9 AAT°
IC KA, AT 1@< T aA: AT TO6T MBIPPA AN 17
CO7 NF LLAG avph ARI° 07T 0oL T 0 CPE 1D+

eh. 70w

TS 7T

0789

oG

Ntam-

PPt

goyet

MEPIPPH

K

1e1q

PO

1@

segment55.wav 2m0FA P& apadd &1 A&t AN Naof A (@
LSFAN ATINLC L7100

+L

ao0PA

AT104C

segment56.wav 2 TE49° 0910+

segment57.wav 99T (L (OC AL TONLD- A° N+L,0,07],

PayF

PAF@-J°/yalache

w

£LCON

segment58.wav PATF@-I° PRCON NTLA TPt ALA PECaPT (171A
L4160

1\2 A\ /geltewal

segment59.wav P7LA AA (L 1@+ aPA( AAPLT° 102N

segment60.wav T+ AAM® 2700 1A% Ahd AL (1T F
L. av\ N FO-7 U~ N7AA 2V T 716 avAANT ATINTANG AL AF
04 LLCIN

thedt

ANmo-

2100\ /endemigea
ba

n¢r

PrLavAn T @7

U~

Ten716

101

ahhirt

ATINTANE

014

51

segment6l.wav LA AA L9 ot o 10+

-

1671

segment62.wav PGt 103A hAZL TATTTF ao- HnG 1010

HMS

22

nc

segment63.wav PA LA HI(L @R, £71.0043F 100

LN

-

1671
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Appendix E: Sample of Most and Less Frequent Bible Words

Decoded words by recognizer Hit words Frequency in
training
corpus

segment00.wav &40 A@- NLu~4 (Lt A%I® N9NK NBE LN Havy gu-4 4

L9 AL, 1LH Wt 36

VA 2
nseLn 1
Hao7 19
LiL n7
segmentOl.wav F9°C L.~ 110 a1 -
heTT -
segment02.wav U £9°% &b ARAT A 1L PPHGAG PA AL AT -
DPICAG =
segment03.wav PUR'r7 U Ut 188
hcota 8
segment04.wav_hCirka £ Nde AS me P Fa- P PF- !

segment05.wav hgu-8 TP hAOFFo- neu-4 2

THPT 2

segment06.wav VHL? A@- -t PP -OU7 PO AD+ P 10 VHOL7 1

1. mNP 1
1o~ 1517
segment07.wav hHU AL AA OC 17 ACK hh( U{RY 48

segment08.wav h17 A% £99° Hovy

segment09.wav hAICh NPrPe PCNO- NAICK n
nrree 3
PCND- 3
segmentl10.wav hi7 AG9°°
segmentll.wav hAiCa nAICH n
segmentl2.wav ACA9° A9>+@- %L ACO9° 48
aget+m- 6
segment13.wav $A 1@ N19°0sP LAP hirll ngehe —
nhn 1
nc 244
segmentl4.wav &24 tPorp &7 071 bt I0C
nFa¢p 1
segmentl15.wav i b 10+ $A L 0FA% LA hED L AATFO- igfq‘ ;
Ln 21
ANTF@- 70
segmentl6.wav hAaSGk hoIce oC 7.8 hagk -
hoicege 1
2C 208
segmentl7.wav A A1%0T 190t -
segmentl18.wav AL A74LPAM (1A heta- AR -
segmentl9.wav AL(+0
segment20.wav A7t U7 LANIPAS 1A LENIPAT -
| 2
segment21l.wav NA PPhLG +att 9
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segment22.wav 4 TiH VAGT AGET €4 htal i 1718

vaSt

20

WGt

ns

H2L:

62

segment23.wav AL e &20 L0 AAD-

£ln

68

segment24.wav NH.L té-¢- BN G LAP FAP NN LH

nH.e

15

LN

LH

n7

segment25.wav £7 1H M1AA &40 £9°% (1477 077 v-AF 10+

£

L%

N¢-71

+077

segment26.wav ALAO9° h9>+ 1A F9°¢ ©1.0 avAkhrt

hq+

hq+

nAA

£

aALN T

segment27.wav 2 A@ 160 AAST P+PAG T14 v-v

190

+1a

segment28.wav L0 Ti0F VARG T1& PO 10+

ik

VARG

segment29.wav L£79¢F @L 1A JC 1.&

g,

0.4

(£

segment30.wav A7 &40 A28 TIC ACA-

segment31.wav hH.f @Z7F ap79PE SUTN

[y

avpgog

U0

segment32.wav 07 4919+ CAATS 0w <

a8t

PCONTT

U

-

segment33.wav &(-9° @7H 2919P)\ MG A0 10C

SO9°

Po1a00\

mtC

an

10c

segment34.wav nh(79° m&C &3 me NG

bhge

Mm&C

erme

nC¢

segment35.wav A®{° 0-+97 2040 7IC 10C

({140

TC

nc

segment36.wav 44 17 442715 (VG- FD-L77

44

i

hé.sam-2719

na%Fo-£7

segment37.wav 75 AL v-it ART nela@- A 7 ACo 797
aoy e hE:

OZT

hop.aeo-

P

i

segment38.wav Lh A7OU 29910 & AL CT

AU

83




L0 6
YA 10
KeCTF 5

segment39.wav 44

segment40.wav JC FA v-x

segment4l.wav +Ti0vF 10« éd- 9°LC A LGN havt
HeTF 1

segment42.wav haCh @+ (HET ¢ 037, ac -
aoj\hgo 19

segment43.wav AP, AN &4 LH T1& HG U-(v BRLMA AATIP

2MAA F 6 10
e 4
LBLMN -
hatge 1
LSMAN 1

segment44.wav £ AU U+ A7 !
BN =

segment45.wav BI04l PO HIL £79210% L 04 pogooma- | 7€ 62

Iy A 66
pal.aoMm- 3

segment46.wav 0A 29710 A0t

segmentd47.wav L£a @L aom- -t

segment48.wav AICAI° L9° - 10 1517
AL00 19

segment49.wav £7 L AL (34 AA h9PF 10.4 DL ©-C8TN Z)f\é’\ 270
eCAT0 1

segment50.wav U0 17 U0 13
htmav/Letemek | --

segment51.wav 377 rkmaod AA AE, 917

segment52.wav £V Hov7 (@~
htmore -

segment53.wav £U7 htmavd (%A 77 A 66

segment54.wav &6 10+

segment55.wav A.OCE

segment56.wav €9°¢ 70 AT MG

segment57.wav A QA AL PPhG héT PPhéF 19
het 83

segment58.wav LH 0400 D4 90-/wediya 12

segment59.wav JAP 106 10 AATIP bR 1734 AP AT -
nA 66

segment60.wav P aPm-

segment6l.wav £9°% AU IC AL h784 AP U+ £0AA A4V /enezihen 92
W18 9

segment62.wav £40 aPAN AN 32

segment63.wav NiLY Ot ALAN NF P40 a7 OaLo- 10 (1R 48
P40 22
hta
DAL D /wesedewe | 1
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na

segment64.wav L4 NaPPLH G AL U+ Noo$LN 1
LGN 3
AL 419
segment65.wav AT &40 777 P\ 10+
segment66.wav L9° AN
segment67.wav (18 T &0U7 U+ Ad OV 2
Al/alew 89
segment68.wav £4.29°
segment69.wav 137 AL At 10 +de Lo9° L0 AL 13 %/geta 3
RS 1
ey 52
L9 274
segment70.wav N.0NA0 A8 L9° 1P téed- DALD- n&.£Ne0/diabilos |1
hel 21
] 84
tédn 3
OOLm- 1
segment71.wav £A 9% a0 vt DOV AT (G £a77/yalemenem | —
av(\ I+ 44
U 188
segment72.wav 4¢ L ALN LH, n7
segment73.wav 377 HYU P4
segment74.wav £7 1L E9°C Ao+ £ -
1H ny
segment75.wav LH a0t L n7
segment76.wav TA £U7 Ak QHAATS N7EFAI° OC T 3
NHAON7G —
07 309" —
segment77.wav 10 Am PO A28 PECSPI° aom- AMM 6
PECTPI°
segment78.wav N1AA °8C AP LC 7
segment79.wav ?0UC a°718: Pavc -
a8 68
segment80.wav n9>t a9 Art-barmatg® 84 hWAF@- emavd: 2890 | 9T /bemot -
H7& AtPaomtge —
£4.a9° -
H& 62
segment8l.wav heu-§ $A Am1 ALAPANAT® U-AF A28 9717 AmM 6
ALaPAAOIP —
U0t 168
segment82.wav $80 PULATFT AN 1 WL P 000 106 haFo- | PTLATY N
10 AATUAU-
segment83.wav JAP 71L& A0 I0C
segment84.wav L4 (F4A% 10+ A0t IC T8 +itvk 998 OC A O+ | 1A% 2
segment85.wav hH.29° AL nH.ee 12
segment86.wav PHNLLNT AL Ch&NT U\ PHNLPAOT -
Og: 94
ShdN7 2
segment87.wav NASE
segment88.wav £9°% °L:C FTLETT 17 vt 4bP 1A PR —
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segment89.wav NAIC(

segment90.wav a7t U~ L O1%AT Pav N YI° | -
segment9l.wav £V 1@ aA( SUT A

segment92.wav_Nneu-4 ud- £ RAP A0 (19 F°LC U Ut | 188

Appendix F: STD Time with its Respective Transcription Wsing News

Speech

segment@4.wav**[ '0:00:30.596000" ,
segment@5.wav**['0:00:37.621000 ",
segment06.wav**[ '0:00:40.583000" ,
segment@7.wav**[ '0:00:49.194000" ,
segment@8.wav**['0:00:53.022000 ",
segment@9.wav**[ '0:00:55.355000" ,
segment10.wav**['0:00:58.215000" ,
segment1l.wav**['0:01:09.249000 ",
segment12.wav**['0:01:10.403000" ,
segment13.wav**['0:01:12.403000" ,
segment14.wav**['0:01:14.797000 ",

Meien, kN 0S4

segment15.wav¥**['0:01:19.026000" ,
segment16.wav**['0:01:24.946000 ",
segment17.wav¥**['0:01:27.122000" ,
segment18.wav**['0:01:35.022000" ,
segment19.wav**['0:01:45.612000",

1424

'0:01:33.914000"
'0:01:44,899000" |**segment18.wav
'0:01:46.162000" |**segment19.wav

'0:00:36.730000" |**segmentd4.wav
'0:00:39.513000" |**segment@5.wav
'0:00:48.,523000" |**segment06.wav
'0:00:52.,280000" |**segmentd7 . wav
'0:00:54.590000" |**segment@8.wav
'0:00:57.194000"
'0:01:08.,215000" |**segment10.wav
'0:01:09.738000" |**segment1l.wav
'0:01:11.648000" |**segment12.wav
'0:01:14,160000" |**segment13.wav
'0:01:18.112000" |**segment14.wav

]
]
]
]
]
1¥*segment9.wav
]
]
]
]
]

'0:01:24.,086000" |**segment15.wav
'0:01:26.497000" |**segment16.wav

£ JHMET M®hnd KHTPE HL H4 1AM

DU JC She: AR P&F A B NF TEIE
Y ot BAt Ad

Mok Ho § 10 91 teoe

TAg NE™IT LY NTaL0 A0 $4

#n % § AR SFO- AHRPTT hA AT

NAde % Pdat RAN AA AATF AAAT NTRAT
tPBF 4F NN APTE CTAR AR ATIDE TTAA
AtE N0k BPE GF0-

B WUNC e HO™Y N3A 97T CPdh- 0-

N34 AR §F0 P4 A6 AT 110 B9 NAATE 7484 N4 AAT NG INC E¢T LT

DT IC fNe Nx&N FAG4 AZFOT +T44 f7AD el 10 1424
e EF T\A0TE AT

]
]
1¥*segment17.wav
]
]

INC AR ANFO-S4 2 ATERT WA A0 kP § PiT namE BIE THO-
BU e NG 2h
MY AA BIMTL 9t RO tMET TLNTE MHAS AT AR BEF 97 N AT

Appendix G: STD Time with its Respective Transcription Using Bible

Speech

lkegment@@.wav**['0:
segment®l.wav**['0:
segment®2 ., wav**[ '0:
segment@3.wav**[ '0:
segment@4.wav**['0:
segment®5.wav**[ '0:
segment@6.wav**[ '0:
segment®7.wav**['0:
segment®8.wav**['0:
segment®9.wav**['0:
segment10.wav**['0:
segment1l,wav**['0:
segment12.wav**['0:
segment13.wav**['0:
segment14,wav**['0:
segment15.wav**['0:
segment16.wav**['0:
segment17.wav**['0:
segment18.wav**['0:

00:
00:
00
00:
00:
00
00:
00:
00
00:
00:
01:
a1:
a1:
01:
a1:
a1:
01:
a1:

04

89.

13

23,
30.
37.
40.
49,
53.

55

58.
09.
10.
12.

14
19
24
27
35

.573000",
468000,
,583000",
053000,
596000,
621000,
583000",
194000,
022000,
.355000",
215000,
249000,
408000,
493000,
,797000"
.026000"
.946000"
.122000"
.022000"

100
100
:00:
100
100
:00:
100
100
:00:
100
101
:01:
101
101
:01:
101
101
101
101

08.
12.
22,
29.
36.
39.
48.
52.
54,
57.
08.

09
11
14
18
24
26
33
44

]
]
262000' ]
]
]

86

812000 |**segment00.
866000 |**segment0l.
**segment0?.
921000 "' |**segment03.
730000 [**segmentd4.wav
513000 ' |**segment@5,
523000 ' |**segment06.
280000 [**segmentd7.
590000 ' |**segment08.
194000 [**segment09.
215000 [**segment10.
.738000"' |**segment1l.
648000 "' |**segment12.
160000 |**segment13.
112000 |**segment14.
.086000 "' |**segment15.
497000 |**segmentl6.
914000 |**segment17.
.899000 ' |**segment18.

wav
wav
wav
wav

wav
wav
wav
wav
wav
wav
wav
wav
wav
wav
wav
wav
wav
wav

BN A MBS Mot 449° NMNR NYCEN HOY B0 4F 14
B 4ee (74

i EBFog 43 REAY AINIEAT BabGis PA
fusr kv

ACARN B9 Al AF medFoe

NBUS THPT han+Fo-

UHNY Ao Ui PRUmAIP 4NUT 24 o $4 10-
NHY AB DA JC 9% ACH hhm

niF 4F g9 HOoY

NRICH Neigd $CND-

nit aigege

hAIC

ACOR9D AP LR

4 10~ NFRNLE BA% DDA

¢td e REFY AT nd N0

v 0P 10 $4 I NFAF BhF AET BR AATO-
NAG+: NAICPTR JC YE

4 N1BAT

RPMN RISEMAN N4 NEO-



Appendix H: Sample Code Display Integration with ASR
process.addActionlistenerinew Actionlistener() {
public void actionPerformediActionEvent e) {
oy {

/START OF TRANSCRIPTION
SpeschResult result;

FileWriter fiv = new File Writex{"C:\\Us e rs V\user\\De s ktop\\Inte gration\\trans cription. txt");
File folder = new File("C:\\Us ers\\us er\\De s ktop\\nte gration\h\autSe gme nte d");

File{l listOfFiles = folder.listFiles():

for {File listOfFile : listOfFiles) {
InputStream stream = new FileInputStre amilis tOfFile);
StreamSpeechRecognizer recognizer! = new StreamSpeechRecognizericonfiguration);
recognizerl.startRecognition(stre am);
if (result = recognizeri.getResult() !'= null {
fw.write (listOfFile.getName () + " " + result.getResulti).getBestResultMoFiller() + "n");
H
stream = null;
recognizer1 = null;
'

fw.close();
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Appendix I: Sample Code Display GUI.

HETART OF GUI DEVELOPMENT

Font font = new Font{"Nvala", Font. BOLD, 12},

JFrame frame = new JFrame ("A"7CT 77990 AT soLaL )
frame.setFontlfont);
frame.setDefaultClos e Operation(JFrame . EXIT ON CLOSEY,
frame.setPreferredSize (new Dimension(s00, 700)M);

JButton brouse = new JButton();
brouse.setText("h"ICT ¥1IC 4048 FEFIE)")
brouse.setFontifont):

brouse.setBounds (50, 50, 180, 30);

JButton segment = new JButton();
segment.setText("{4 28 hd-Faig)");
segment. s etFontifont);
segment.setBounds (235, 50, 180, 30);

JButton process = new JButtont);
process.setText("Tclh T1C49 FFCF)™)y
process.setFontifont);
process.setBoundsi400, 50, 180, 30);

Appendix J: Browse Audio File Using the text-based STD System (GUI)

| 2TICE Y0 AR CRANLE — O s
‘ REICE 719C 4-20 FLT(E) | | 4-20 hé-ga(E) ‘ | Tehh =182 EPC(F) |
vemzALe Fa(z) — :
|| Open =
| PAEY72093 ARTILR RAL(E) ‘
Lookn: [ integraton -]
D locateTime.spec D matdD2.wav
D mat chapter 1.wav D mat003. wav
D mat.wav D matiD4. wav
B mat000.wav D matdd5. wav
D mat001.wav D matl06. wav
[y mat1.wav Y matoo7.wav
4] [ | [ ¥
File Name: |mat.wav |
Files of Type: |All Files |~
Open | | Cancel |
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