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Abstract 

TITLE:  Improving Wake-Up-Word and General Speech Recognition Systems  

AUTHOR: Gamal Mohamed Bohouta  

MAJOR ADVISOR:  Veton Këpuska, Ph.D. 

Automatic Speech Recognition (ASR), a technology that allows a machine to recognize the 

utterances spoken into a microphone by a person and then converts it to text,  is commonly 

used for different types of applications, such as command and control systems, personal 

assistant systems, medical systems, disabilities systems, dictation systems, telephony 

systems, and embedded applications. Due to its extensive use, interest in ASR technology 

has surged among inventors and researchers alike. They have worked diligently to improve 

the performance of the ASR systems by developing several techniques or approaches in 

different aspects, such as enhancing features, training an acoustic model, enhancing language 

model methodology, and improving decoding methodology. Many techniques have focused 

on improving the accuracy of speech recognition in General Automatic Speech Recognition 

(General ASR) systems, which are better known as Large Vocabulary Continuous Speech 

Recognition (LVCSR). Some other approaches have focused on Wake-Up-Word ASR 

systems (WUW ASR), which are similar to keyword spotting. One important aspect of 

WUW ASR systems is the ability to discriminate the specific word or phrase used only in an 

alerting context and not in others, such as referential contexts. For example, when a user 

speaks a word like “Car'' in the sentence "Car, show me the camera?'' the word “Car” is used 

in the altering context.   The word "Car  "  is used in referential context when used in the 

sentence, “Every car should have a speaker”. It is difficult to determine, in real-time, if the 

user is speaking to the Car or about the Car. In other words, the WUW ASR system should 

be able to discriminate if the user is speaking to the recognizer or not. Most companies that 

produce ASR systems have focused on improving the speech recognition accuracy in 
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General ASR systems without improving the speech recognition accuracy in WUW ASR 

systems. Recently, the WUW ASR system has come to the forefront of speech recognition 

with the advent of voice-assist technologies such as Microsoft Cortana, Amazon Alexa, 

Apple Siri, and Google Assistant. All of these companies have started to focus on the WUW 

ASR systems to improve the WUWs that activate their devices and applications for 

interaction with the users. 

This dissertation focuses on the design and implementation of a whole ASR system that can 

work in both the WUW and General ASR systems with high accuracy. The new ASR system 

will be used to solve one of the biggest problems that speech recognition technology faces, 

which is how to discriminate between the uses of a word or phrase in an alerting versus a 

referential context and using General ASR systems with high accuracy. By using this 

paradigm, the accuracy of commands that are used to interact with machines, such as one 

word or an entire sentence, will improve and be able to reach high accuracy. Moreover, due 

to the increasing number of different speech commands, this model will be able to reduce 

the number of false alarms in the devices and applications that use the speech commands. 

Our study proposes a higher accuracy, innovative ASR system that is capable of working 

with WUW and General ASR systems. In order to develop the new ASR system with high 

accuracy, the following steps were carried out: (1) modifying the structure of General ARS 

system, (2) selecting the best platform to test the proposed ASR system, (3) simulating the 

WUW and General Acoustic Models (AMs), and (4) designing a decision support. 

Moreover, the ASR system performance has been significantly affected, to a large degree, 

by acoustic environmental conditions such as noise types, noise levels, speaker accents, and 

microphone variability.  These acoustic environmental conditions can affect the accuracy of 

the ASR system.  To overcome the issues and test the proposed ASR system, the new ASR 

system was trained and tested with different acoustic environmental conditions, such as 

different background noise levels, noise types, different speaker distances to the microphone, 

and different speakers. The results of our experiment showed that all stages of the proposed 

ASR system worked with high performance and the new system was able to make a final 

decision if the result of the word or phrase is a WUW with 100% accuracy (Confidence 

Word 100%) or General with 100% accuracy (Confidence Word 100%). 
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Chapter 1 

Introduction 

1.1 Automatic Speech Recognition 

Automatic Speech Recognition (ASR), which is called speech recognition or computer 

speech recognition, is a software or computer program that uses an algorithm to convert 

human speech or an audio signal of an utterance made by a human into a microphone [9]. 

The major aim of speech recognition is to build an ASR system that allows natural 

communication between humans and computers via speech [1]. The ASR system breaks the 

human speech or audio signal into individual phonemes, then analyzes each phoneme using 

algorithms to find the most probable word fit in a language. It then transcribes the phonemes 

into text. ARS systems have been increasingly included as modalities in interactive 

applications such as voice telephone calls, home automation, medical assistance systems, 

personal assistant systems, robotics, vehicles, disabilities systems, and dictation tools. A 

trustworthy ASR system, which is needed for these applications, can be used for computers 

to interact with humans with high accuracy. Additionally, it must have a highly efficient and 

accurate voice recognizer specializing in the detection of a single word or phrase, which, 

when spoken, requests the attention of the system and awakens it [15]. 

ASR systems can be separated into several different classes, based on the application, its 

complexity, and what type of words ASR systems can recognize, for example, isolated or 

connected words and continuous speech, dependent and independent speakers, WUW and 

General, and small and large vocabulary. Moreover, three major types of techniques are 

commonly used in ASR systems: Hidden Markov Model (HMM), Dynamic Time Warping 

(DTW), and Artificial Neural Networks (ANN) [11]. Each technique uses a special 

methodology that enables the recognition and translation of spoken language into text by 
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computers. However, the standard approach, which is commonly used to design a large 

vocabulary of continuous speech recognition or General ASR system, typically has three 

main components: the frontend, the decoder, and the knowledge base. The knowledge base 

usually includes the acoustic model, the language model, and the dictionary. Figure 1.1 

shows the structure of the standard ASR system [10]. 

 

Figure 1.1 An Overview of the Standard ASR System 

The frontend, the first stage of automatic speech recognition, extracts the acoustic features 

from a speech signal. The ASR system uses acoustic features for training and classification. 

After the feature extraction phase, a chain of feature vectors is given to the decoder of the 

speech recognizer, which is primarily a classifier. Based on the feature vectors, the decoder 

of the recognizer selects the best likely words out of all the possibilities from the trained 

database. In order to select the best word, the decoder uses a sophisticated search algorithm 

to match the incoming acoustic feature to the most likely sequence of words that is 

hypothesized [10]. Finley, the linguist, created a search graph for the decoder, using a large 
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quantity of domain knowledge to reduce the size of the search space. In this stage, the 

acoustic models characterize how the sound changes over time. Each phoneme or speech 

sound is represented by a sequence of states and signals observation probabilities. The 

phonemes are represented by distributions of sounds that might be heard or observed in the 

decoding state. Also, the language model represents the likelihood, probability, or penalty 

taken when a sequence or group of words is found. Moreover, the decoder uses a dictionary 

to determine the pronunciations of a recognized utterance. The dictionary file is a list of 

words with a sequence of phonemes [10].  

Although there are several techniques and methodologies in ASR systems, speech 

recognition systems generally use a basic model to recognize utterances. The basic model 

used for large vocabulary speech recognition is a basic probabilistic model of speech 

production. Figure 1.2 presents an overview of the basic speech recognition model.  

 

Figure 1.2 The Basic Model of Speech Recognition  
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The basic probabilistic model of speech production uses the following equation to recognize 

utterances [9]: 

∧
Ρ(W|A) 

 
= arg max

𝑤
 W  Ρ(W|A)                      (1.1)  

Using Baye’s rule, equation (1.1) can be written as 

Ρ(W|A) =  
Ρ(Α|W)Ρ(W)

Ρ(𝐴)
                                 (1.2) 

Since P(A) is independent of W, the MAP decoding rule of equation (1.1) is 

∧
W 

 
= argmax

𝑤
Ρ(Α|W) Ρ(W)                          (1.3) 

The previous equation describes a specified word sequence, W, which produces an acoustic 

observation sequence, A, with a probability, P(W, A). In the equation, an ASR system uses 

a speech signal to convert a sequence of words, the P(A/W), which is commonly called the 

acoustic model. P(A/W) estimates the probability of a sequence of acoustic observations, 

conditioned on the word string. P(W) is generally called the language model used to 

represent the probability associated with a proposed sequence of words [64] [9]. 

1.2 Proposed Automatic Speech Recognition System 

The General ASR systems have achieved parity with human speech recognition for general 

English. Some systems have made more than a 95% word accuracy rate for the General 

English language, which is close to human accuracy. Designing a voice control system for 

specialized applications, such as controlling robots, vehicles, drones, or other machines, is 

still a challenging task due to the complexities and sensitivities of speech commands that are 

used to control the applications. Specialized applications need a high-level accuracy speech 

recognition system that can be used to recognize speech commands with 100% accuracy. In 

recent years, ASR systems have become popular with some specialized applications, such 
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as command and control systems, medical systems, disabilities systems, dictation systems, 

telephony systems, and embedded applications. All of these applications will increase the 

number of speech commands, which are wake-up-words (WUWs). Recognizing WUW is 

similar to Key-Word spotting. “WUW is a new paradigm in Speech Recognition (SR) that 

is not yet widely recognized” [1]. However, the WUW ASR system is a critical aspect in 

discriminating specific word phrases used only in an alerting context and not in other 

contexts, such as referential contexts [1]. For example, homes, cars, and devices in the future 

may need several speech commands to control several applications and devices. Most 

companies that produce ASR systems have focused on improving the speech recognition 

accuracy in General ASR systems without focusing on improving the speech recognition 

accuracy in WUW ASR systems. In recently years, WUW ASR systems are one of the 

important fields in ASR systems. According to many studies that were focused on improving 

WUW ASR systems, WUW ASR systems have recently come to the forefront of ASRs with 

the advent of voice-assist technologies such as Amazon Alexa, Apple's Siri, and Google's 

Assistant. All of these devices use local, low-resource acoustic WUWs search in real-time 

to detect a “wake word” that activates server-side speech recognition for interaction with an 

intelligent agent [65]. 

 However, our study focuses on the design and implementation of a whole speech recognition 

system that can work with both the WUW and General ASR systems with high accuracy. In 

this dissertation, we propose an approach that can be used to detect the WUW as a command 

with 100% precision. It will also provide a complete speech recognition system that can 

work with both WUW and General ASR systems with high accuracy. Moreover, our 

approach can discriminate between the word or phrase in either alerting contexts or 

referential contexts.  For example, it is capable of using the word “Computer'' in an alerting 

context, such as "Computer, show me the chart? '' and also, in a referential context, such as 

“Every computer should have a speaker.”  Additionally, using this paradigm will improve 

the accuracy of commands used to interact with machines.  Recognizing one word or an 

entire sentence has 100% accuracy with this paradigm. Also, this model will reduce the 

number of false alarms arising from the increasing number of speech commands used to 
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activate computers in devices and applications. To achieve 100% accuracy with the new 

ASR system, the following steps were used to establish the new system: (1) adding new 

components to the structure of the ASR system, (2) choosing the best platform for testing 

the new ASR system, (3) simulating the WUW and General AMs, and (4) designing the 

decision support system to make the final decision. Figure 1.3 shows the structure of the 

proposed ASR system. 

 

Figure 1.3  The Structure of the Proposed ASR System 

The new ASR system was able to make the final decision with high accuracy by following 

these steps: The first step is the frontend of the new ASR system should be able to accept 

various sets of features such as MFCC, LPC, and ENH-MFCC.  The second step is the 

features needed to be decoded and reversed (Stander Feature F1, Reverse Feature F2). The 
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third step is applying different features to the decoder to get different scores from the acoustic 

model (Score1, Score2).  The decision support system, which is the final step, includes two 

stages: the first stage is detecting WUW, and the second stage is making the final decision. 

In the first stage, the Support Vector Machine (SVM) and the scores were used to detect a 

single WUW or phrase while rejecting all other words or sounds by using the score of WUW 

acoustic models (Score 1) and the score of reverse WUW acoustic models (Score 2). In the 

second stage, the final decision was made based on two scores. The first score, which is the 

scoring of the WUW acoustic models (Score 1), was based on the results of Decoder 1. The 

second score, which is General acoustic models (Score 2), was based on Decoder 2. After 

the new system was tested with the corpora, the experiment results demonstrated all stages 

of the proposed ASR system worked with high performance. Also, the results demonstrated 

the system could detect the WUW word and make the final decision if the result is a WUW 

or General word, with 100% accuracy (Confidence Word 100%). 

To build an ASR system that can efficiently work in various acoustic environments, the 

proposed ASR system was tested and evaluated with different acoustic environments. The 

various acoustic environments that were used to evaluate the proposed ASR system 

including many background noises levels, different distances from the person speaking to 

the microphone, as well as different people speaking. Also, the different environments 

included many types of speech corpora, selected from varied sources, such as the TIMIT 

corpus, FMTIMIT corpus, WUW corpus, Speech Commands, Noisy TIMIT corpus, and 

Speech Commands Dataset Background Noise Speech corpus. After testing and evaluating 

the new ASR system, the results of the experiments show the final decision can be made if 

the recognized utterance is a WUW with 100% accuracy (Confidence Word 100%) or 

general word with 100 % accuracy (Confidence Word 100%). 
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Figure 1.4 Example of one result of the experiments 

Moreover, The new ASR system was tested by using a new tool that was written by using 

the Java language, which is the same language that used with Sphinx-4, as well this tool was 

connected with the classes of Sphinx4 to work together to recognize the audio files and 

calculate the word error rate (WER). The recognition results of the new ASR system were 

compared with the results of the original ASR system. The results of the experiments showed 

the new ASR system could recognize utterances as WUW with 100 % accuracy or General 

word with high accuracy.  

The word error rate (WER) and accuracy were calculated by using these equations: where I 

words were inserted, D words were deleted, and S words were substituted. 

WER = (I + D + S) / N   ………………….……… (1.4) 

Accuracy = (N - D - S) / N ……………………… (1.5) 



 

9 

 

Figure 1.5  Testing the Proposed ASR System 

1.3 Thesis Outline 

Chapter 1 presents an overview of the dissertation hypothesis and provides general 

information about the proposed ASR system. Chapter 2 introduces the theoretical 

background for the ASR systems, including details about the techniques and methodologies 

of automatic speech recognition. Chapter 3 introduces WUW ASR systems and includes 

more information about designing, training, and testing the WUW ASR systems. Chapter 4 

presents the steps that were used to create the proposed ASR system. The data and tools used 

in the proposed ASR experiments are discussed in Chapter 5. Chapter 6 describes the 

performance of the proposed ASR system in various acoustic environments. The test results 

for the proposed ASR system are explained in Chapter 7. The conclusions and description 

of future work are discussed in Chapter 8, the final chapter. 
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Chapter 2 

Review of Speech Recognition 

Technologies 

2.1 Introduction 

The ASR system is a software that recognizes the spoken words of a speaker and converts 

them into a text format. There are several definitions of ASR systems, and each definition 

has its own technique.  According to Sinisa Husnjak, “Speech recognition is the ability of a 

machine or program to identify words and phrases in spoken language and convert them to 

a machine-readable format” [18]. Anusuya and Katti’s definition is  “Speech Recognition (is 

also known as Automatic Speech Recognition (ASR), or computer speech recognition) is the 

process of converting a speech signal to a sequence of words, by means of an algorithm 

implemented as a computer program” [9]. Another definition by Stuckless is “Automatic 

speech recognition (ASR) can be defined as the independent, computer-driven transcription 

of spoken language into readable text in real time” [2]. In short, ASR is a technology that 

allows software or devices to recognize the words that a user speaks into a microphone or 

computer and convert it to written text [47].  

A key to understanding the speech recognition method is to study the human speech process. 

The production of speech begins from the vocal tract of a human by the exiting of air from 

the vocal tract and autonomous movement of the appropriate anatomical structure. The main 

parts of this system are the lungs, trachea, larynx, pharyngeal depression, oral cavity, and 

nasal cavity [5]. The pharyngeal and oral cavities are typically called the vocal tract. The 

vocal tract starts at the output of the larynx and terminates at the input of the lips. Finer 
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anatomical components critical to speech production are shown as a schematic diagram of 

human speech production in Figure 2.1 [5]. 

 

Figure 2.1 The Schematic Diagram of Human Speech Production 

Studying the processes of human hearing is also very important for understanding speech 

recognition. The human brain receives information from two ears and combines it in a 

complex neural network. The human ear is a very complicated system. The following is only 

a brief overview of human hearing [5]. There are two main components in the outer ear: the 

first component is the apparent flap of skin, and the second is cartilage, which is a tube 

around 0.5 cm in diameter, reaching approximately 3 cm into the head, connected to the side 

of the head and the ear canal. These structures push environmental sounds inside the skull 

bones to help the sensitive middle and inner ear organs. A thin sheet of tissue, which is 

stretched across the end of the ear canal, is called the tympanic membrane or eardrum. Sound 

waves create a vibration that strikes the tympanic layer [5]. This vibration is carried by the 

middle ear, which is a group of small bones to the inner ear, where it is converted to neural 
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impulses. The cochlea is a liquid-filled tube roughly 2 mm in diameter and 3 cm in length. 

Although shown straight in Figure 2.2, the cochlea looks like a small snail shell and is curled 

up [5]. 

 

Figure 2.2 The Processes of Human Hearing 

The main goal of speech recognition is to create ASR systems that can speak and listen, just 

like humans. Speech recognition follows the same method that humans use to learn and 

recognize utterances. Training and recognition phases are the two main phases in ASR 

systems used to detect words in spoken language and transform them into a digital format. 

The training stage, which is the first stage, is designed to map the basic speech unit, such as 

phonemes, to the acoustic system. In the training stage, the feature extraction comes from 

the frontend stage in the ASR system. The frontend stage receives a known speech utterance 

after it is recorded and processes it to extract the features.  

The recognition phase, which is the second phase in the ASR system, starts its work through 

the speech recognition algorithm to create, train, and store the model that is used in the 

recognition phase. The recognition phase uses acoustic analysis with an unknown speech 

signal to convert the signal to a series of acoustic feature vectors. The speech is then 

compared against the model’s networks, and the word that is pronounced is displayed by 
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using the appropriate algorithm with which the input observations are processed. The ASR 

systems can recognize what it has learned during the training phase or not. The system is 

able to recognize the words that it has learned during the training phase, which are not 

existing in the training corpus, and for which sub-word units of the new word are known to 

the system, after which the new word exists in the system dictionary [20]. 

Moreover, the system processes the feature extraction for classification in both the training 

and recognition phases. During the training stage, the parameters of the classification model 

are calculated by using a huge number of training data. During the testing or recognition 

stage, the feature of the speech data, which comes from the frontend stage in the ASR, is 

matched with the trained model of each and every class. [19]. The structure of a common 

ASR system is shown in Figure 2.3. 

 

Figure 2.3 The Architecture of a Typical Speech Recognition System 
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2.2 The Automatic Speech Recognition Design 

Researchers have shown an increased interest in ASR systems in recent years by creating 

several approaches that have been used to improve the ASR systems in various areas. ASR 

systems can be separated into several different classes, based on the application, its 

complexity, and what type of words ASR systems can recognize, for example, isolated or 

connected words and continuous speech, dependent and independent speakers, WUW and 

General, and small and large vocabulary. In speech recognition, there are many approaches 

that usually use to establish a speech recognition system such as Hidden Markov Model 

(HMM), Dynamic Time Warping (DTW) and Artificial Neural Networks (ANN), However, 

the standard approach to large vocabulary continuous speech recognition consists of three 

main components: frontend, decoder, and knowledge base, which usually contains the 

acoustic model, the language model, and the dictionary. This section discusses the technique 

developed in each stage of ASR system. Figure 2.4 provides the structure of the general ASR 

system:  

 

Figure 2.4 The Structure of the General ASR system 



 

15 

2.2.1 Frontend  

The frontend is the first stage of the ASR system and is responsible for extracting features 

from a speech signal. The frontend stage separates the feature extraction into short speech 

segments, which are frames, and are usually 20 ms. The frontend stage applies the speech 

extraction algorithm to the segment to get a sequence of feature vectors that are calculated 

for every subsequent frame. The sequence of feature vectors is used in the backend stage to 

select the most likely words or sentences [8]. Various speech extraction algorithms are 

usually used by the frontend to process the extracting features from a speech signal.  These 

include Mel Frequency Cepstral (MFC), Principal Component Analysis (PCA), Linear 

Discriminant Analysis (LDA), Independent Component Analysis (ICA), Linear Prediction 

Cepstral Coefficients (LPCC), and Perceptual Linear Prediction Coefficients (PLP).  

 

Figure 2.5 The Mel Frequency Cepstral (MFC) 
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Figure 2.5 provides the structure of the Mel Frequency Cepstral (MFC) and Figure 2.6 shows 

the structure of the Perceptual Linear Prediction Coefficients (PLP). 

 

Figure 2.6 Perceptual Linear Prediction Coefficients (PLP)  
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2.2.2 Decoder  

The decoder is the major component of the speech recognition system, and it uses the 

features from the frontend with the knowledge base to generate the result by selecting the 

most likely words or sentences. The main task of the decoder is to calculate which sequence 

of words is most likely to match the signal represented by the feature vectors. The following 

equation shows how the decoder searches for words W, that best fit to the observation A: 

∧
Ρ(W|A) 

 
= arg max

𝑤
 W  Ρ(W|A)                      (2.1)  

Using Baye s rule, equation (2.1) can be written as 

Ρ(W|A) =  
Ρ(Α|W)Ρ(W)

Ρ(𝐴)
                                 (2.2) 

Since P(A) is independent of W, the MAP decoding rule of equation (2.1) is 

∧
W 

 
= argmax

𝑤
Ρ(Α|W) Ρ(W)                          (2.3) 

According to Grunhu, Minker, and Nakamura, who published a book about ASR systems, 

the three major components must be available and work together during the decoding stage 

in order to generate the result by selecting the most likely word [23]. These three components 

are the acoustic model, the language model, and the dictionary. The first part in the equation, 

P(A/W), is commonly called the acoustic model. It is necessary to create statistical models 

for sub-word speech units, which are commonly called phonemes; then, word models are 

created from these sub-word speech unit models. The acoustic model usually has a 

probability density function that is a mixture of Gaussians and gives a likelihood for each 

observed vector. The second component, P(W), is usually the language model. It represents 

the probability associated with a postulated sequence of words. A language model increases 

word accuracy in some cases by listing the words and their likelihood, given a preceding 

word and so on, providing the word probability [23]. Finally, the dictionary has a list of all 
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words with their phoneme sequence and helps the decoder to know which words can be 

selected from its list words [23][64]. 

2.2.3 Knowledge Base  

The main goal of the knowledge base, which is an essential component of ASR systems, is 

to create a search graph for the decoder. It keeps all the information for matching the 

incoming speech data with actual words and phrases. This component contains three main 

ingredients that are an AM, dictionary, and AM. The AM includes the statistical 

representations of each of the phonemes. In the English language, there are around 40 

differentiable sounds called phonemes. To create a new AM, the new model should be 

trained using special training algorithms to generate statistical representations for each 

phoneme in a language with a general speech corpus [35][10]. The LM describes the 

likelihood, probability, or penalty taken when a sequence or collection of words is observed. 

Grammar-based and stochastic LMs are the two major categories of models that are usually 

used in the ASR system. Grammar-based language models represent a directed word graph 

where each node represents a single word, and each arc represents the probability of a word 

transition taking place. The stochastic N-Gram models provide possibilities for words, given 

the observation of the previous n-1 words [53][10]. The dictionary has a list of words with a 

sequence of phonemes. The decoder needs to know the pronunciations of words that are 

found in the LM. The pronunciations break words into courses of sub-word units located in 

the acoustic model. The dictionary interface also supports the classification of words and 

allows for a single word to be in multiple classes [10]. 

2.3  The Decoder Methodologies 

ASR systems use complex statistical models that contain probabilities and mathematical 

algorithms to determine the final likely result. There are many decoder methodologies that 

use with decoders to find the result.  The three main models commonly used in the ASR 

systems are Hidden Markov Model (HMM), Dynamic Time Warping (DTW), and Artificial 

Neural Networks (ANN) [11].  
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2.3.1 Hidden Markov Model (HMM) 

The Hidden Markov Model (HMM) is the standard model that ASR systems use to recognize 

the best results. The HMM is a probabilistic finite state model that is based on the Markov 

chain that is a mathematical model that includes transition states from one state to another 

based on certain probabilistic rules [12]. The Markov chain is useful for computing a 

probability for a sequence of observable events. HMMs contain the states, and observations, 

as shown in Figure 2.7 [12]. The states include transition probabilities from one state to other 

states and each state must also contain the probability of each observation. However, using 

a series of observations with the unknown state sequence is the way to calculate the most 

likely hidden sequence of states. An HMM is specified by the following components, and 

Figure 2.7 shows the structure of the HMM: 

 

Figure 2.7 Hidden Markov Model (HMM) 

 

It has finite sets of hidden and observable states. Assume that A is a sequence of symbols 

taken from some alphabet A [70]. 

𝑨 = 𝑎1, 𝑎2, . . . , 𝑎𝑚       𝑎𝑖 ∈ 𝐴 
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W – symbolizes a sequence of n words each belonging to a known vocabulary V. 

𝑾 = 𝑤1, 𝑤2, . . . , 𝑤𝑚     𝑤𝑖 ∈ 𝑉                   (2.4) 

If P(W|A) symbolizes the probability that the words W were spoken, given that the 

evidence A was observed, then the recognizer will choose in support of a word string Ŵ: 

�̂� = 𝑎𝑟𝑔  𝑚𝑎𝑥  
𝑾

𝑃(𝑾|𝑨)                          (2.5) 

The recognizer will select the most likely word given the observed acoustic evidence. 

From the well-known Bayes’ rule of probability theory: 

𝑃(𝑾|𝑨)𝑃(𝑨) = 𝑃(𝑨|𝑾)𝑃(𝑾)                  (2.6) 

𝑃(𝑾|𝑨) =
𝑃(𝑨|𝑾)𝑃(𝑾)

𝑃(𝑨)
                           (2.7) 

P(W) – Probability that the word string W will be spoken 

P(A|W) – Probability that when W was spoken the acoustic evidence A will be observed 

P(A) – is the average probability that A will be observed: 

𝑃(𝑨) = ∑ 𝑃(𝑨|𝑾′)𝑃(𝑾′)

𝑾′

                         (2.8) 

Since Maximization in: 

�̂� = 𝑎𝑟𝑔  𝑚𝑎𝑥  
𝑾

𝑃(𝑾|𝑨)                             (2.9) 

Is carried out with the variable A fixed (e.g., there is no other acoustic data save the one we 

are given), it follows from Baye’s rule that the recognizer’s aim is to find the word string Ŵ 

that maximizes the product P(A|W)P(W), that is [70] 
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�̂� = 𝑎𝑟𝑔  𝑚𝑎𝑥  
𝑾

𝑃(𝑾|𝑨)𝑃(𝑾)                    (2.10) 

2.3.2 Artificial Neural Networks (ANNs) 

An Artificial Neural Network (ANN) is a paradigm that was established based on the human 

brain and its behavior. The human brain includes many densely connected groups of nerve 

cells, which are called neurons. The human brain carries nearly 10 billion neurons and about 

60 trillion connections between the neurons. The human mind can work much faster than 

any high-quality computer in existence by using multiple neurons. Each neuron and several 

elements constitute a massive processing power [11]. The structure of a neuron is a very 

simple and includes a cell body, which is called soma, many fibers, which is called dendrites, 

and a single long fiber, which is called the axon, as shown in Figure 2.8.  

 

Figure 2.8 The Structure of Human Neurons 

The idea of AAN is to design a model that has several neurons that are like the organic 

neurons in the human brain with the same simple processors. The weighted links are used to 

connect each neuron to another neuron by passing signals between them, and each neuron 

sends the output signal through the neuron’s outgoing connection. The outgoing connection 
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breaks into several branches that transfer the same signal. The outgoing branches terminate 

at the incoming connections of other neurons in the network [11].  

The ANN approach is a very complex structure that has several compounds working 

together. The following steps are just a brief overview of how the ANN approach works with 

speech recognition: The first step is to transform the speech from analog to digital format, 

which are the features representing the spectral domain of the speech. The second step is to 

classify a set of these features into phonetic-based classes. The third step is to match the 

output scores to the target words to determine, which is the most likely word that was spoken 

by using the Viterbi search. In the final step, the ANN approach shows the word or phrase 

that was spoken. This process is shown in block diagram form in Figure 2.9, which was 

obtained from [4]. 

 

Figure 2.9 The Recognition Process Using ANNs 

Several approaches and techniques have been used to improve the ANN, such as Feed-

forward ANNs, Recurrent ANNs, Hopfield ANNs, Elman and Jordan ANNs, Long Short 

Term Memory, Bi-directional ANNs, Self-Organizing Map, Stochastic ANNs, and Physical 
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ANNs [48]. To achieve a massive model that can function similarly to the human brain, the 

new model, which is the Deep Neural Network (DNN), was created to work in the same way 

as the human brain. The DNN includes a multilayer perceptron’s structure with many hidden 

layers. “Perceptron is a machine learning algorithm for supervised learning and can decide 

whether or not an input, represented by a vector of numbers, belongs to some specific class” 

[67]. As shown in Figure 2.10, each layer includes N number of neurons, where N is the 

acoustic feature vector component. Except for the initial layer 0 and the output layer L, the 

activation vector 𝜐𝑙 is [12]: 

𝜐𝑙 = 𝑓(𝒵𝑙)  =  𝑓(𝑊𝑙 𝜐𝑙−1  + 𝑏𝑙) for 0 ≤ 𝑙 ≤ L                    (2.11) 

Where 𝒵𝑙 is the excitation vector, 𝑊𝑙 is the weight matrix, 𝜐𝑙−1is the activation vector from 

the previous layer and 𝑏𝑙 is the bias (error) vector. 

There are two different tasks to calculate the activation vectors by the DNN algorithm, the 

regression and the classification. The first task is applied on the layers 1 to L − 1 and it is as 

follows: 

𝜐𝐿 = 𝒵𝐿  =  𝑊𝐿 𝜐𝐿−1  + 𝑏𝐿                                                         (2.12) 

For the output layer L, a multi-class classification is used to calculate the activation vector. 

Each output neuron represents a class i ∈ {1, 2, ..., C}. The value of the 𝑖𝑡ℎ output neuron is 

the probability of being at state i given observation O, or 𝑃(𝑖|𝑂) . It represents the 

probability that the observed acoustic feature vector belongs to class i. For having a valid 

multi-dimensional Probability Density Function (PDF), the output vector 𝜐𝐿 has to satisfy 
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Figure 2.10 Deep Neural Network (DNN) Architecture Example 

The conditions of  𝜐𝐿
𝑖 ≥ 1 and  ∑ 𝑒𝑧𝐿

𝑖𝐶
𝑖=1  = 1. The following softmax function is used to 

maintain these two conditions [12][64]: 

 𝜐𝐿
𝑖 =  𝑃(𝑖|𝑂) = 𝑠𝑜𝑓𝑡𝑚𝑎𝑥𝑖(𝑧𝐿) =

𝑒𝑧𝐿
𝑖

∑ 𝑒𝑧𝐿
𝑖𝐶

𝑖=1  
                  (2.13)  

Where  𝑧𝐿
𝑖  is the 𝑖𝑡ℎ element of the excitation vector 𝑧𝐿. 

2.3.3 Dynamic Time Warping (DTW) 

Dynamic Time Warping (DTW) is another method that has been used to compare different 

speech patterns in automatic speech recognition. By using the DTW method, the ASR system 

can find the best possible match between two strings. Moreover, DTW has been used in 

many fields, such as data mining and information retrieval. It has also been effectively used 

to automatically cope with time deformations and different speeds associated with time-
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dependent data. Also, DTW is the best algorithm for measuring time series analyses, such as 

two sequences that have the change in time or speed between them. Also, DTW can be used 

to analyze any data that can be transformed to a linear representation and has been used with 

video, audio, and graphics data [5][11]. 

Using DTW with ASR systems is a universal application that is used to overcome different 

speaking speeds and allows the application to find a best match between two sequences. In 

speech recognition, the sequence alignment method is frequently applied in the context of 

hidden Markov models, such as time series with certain restrictions. Even though it works 

to recognize an isolated word by comparing the word with several stored word templates, 

there are two main problems that the ASR system faces with DTW [11]. The first issue is 

that several examples of a given word have slightly different durations. By simply 

normalizing the templates and the unknown word to have a similar duration, this issue can 

be eliminated [11]. The second issue is that the rate of speech might not be consistent through 

the word; in other words, the optimal alignment between a template and the speech sample 

may be nonlinear. This example of word "Hello” with DTW is shown in Figure 2.11 

 

Figure 2.11 Dynamic Time Warping Example word "Hello"  
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In the DTW method, the distance method is often applied. In this method, the distance is 

defined to show the biggest similarity between series by calculating the minimum distance 

between them, which is defined as follows equation [71]: 

𝑑(𝑥, 𝑦) = (∑| 𝑥𝑖 − 𝑦𝑖|

𝑛

𝑖=1

)1/𝑝                      (2.14)  

2.4 Improving ASR systems  

For the past decade, the performance of ASR systems has been significantly improved and 

developed worldwide, pushed by improvements in signal processing, algorithms, structures, 

and tools. ASR systems have always been considered as an important bridge in fostering 

better human and machine communication. More and more ASR systems have been 

developed for a wide variety of applications. The improvements could be achieved by 

incorporating extra compensating steps or enhancing steps or adding additional steps into 

the structure of the ASR system such as the frontend, acoustic model, language model 

methodology, dictionary, and decoder [64]. The following sections discuss different 

approaches that have been proposed to improve ASR systems from various aspects. 

2.3.1 Frontend  

The frontend has been improved in various aspects by improving the feature extraction 

module. It could be accomplished by incorporating extra compensating steps or enhancing 

steps or adding additional steps into the feature extraction module. Mel Frequency Cepstral 

Coefficients (MFCC) and Perceptual Linear Prediction (PLP) are the most popular feature 

extraction modules used in speech recognition. The following section shows some related 

works about improving the frontend [29]. 

The model-based feature enhancement for reverberant speech recognition, which was 

proposed by Alexander and Reinhold, presents a new method for ASR system in reverberant 

environments. The goal of their approach was to enhance the logarithmic Mel power 

spectrum, which is calculated at an average stage to obtain the widely used MFCCs. 
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According to their work, their result showed that "Given the reverberant logarithmic Mel 

power spectral coefficients (LMPSCs), a minimum mean square error estimate of the clean 

LMPSCs is computed by carrying out Bayesian inference" [28]. 

Another method, which was proposed by Erdoga, was designed to enhance noisy speech 

using features from Frontend. The main object of this approach was to transform a noisy 

speech signal into an improved speech signal, by first getting the noisy speech signal from 

an environment. The ASR systems produced ASR features by processing the noisy speech 

signal. Then, using an enhancement network having network parameters to create a mask 

from the ASR features and noisy speech spectral features. Then, to obtain the enhanced 

speech signal, the mask was applied to the noisy speech signal [27].  

Honig and his team published a new acoustic feature that was developed based on MFCC 

and PLP, which are the most popular acoustic features used in speech recognition. Their 

model was created to combine the advantages of MFCC and PLP to design acoustic features, 

and the techniques have many similarities based on the observation. In their study, there are 

some steps that they were followed to design a new acoustic feature, such as revised the 

processing steps of PLP, the filter-bank, the equal-loudness pre-emphasis, and the input for 

the linear prediction are improved. After they applied the new steps, the experiment result 

showed that “the new variant of PLP performs better than both MFCC and conventional PLP 

for a wide range of clean and noisy acoustic conditions” [29]. 

2.3.2 Acoustic Model  

It is clear that the improving acoustic models will improve the accuracy of the ASR system. 

The acoustic models have been developed from different sides by enhancing their 

algorithms, training acoustic models by different corpora, adding new methodologies, and 

improving the current methods. Various acoustic models are usually used with ASR systems 

to help it determine the best results. These include the Gaussian Mixture Model, Deep Neural 

Network, and Hidden Markov Model. The following sections discuss different approaches 

to improve acoustic models from various aspects. 
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The model that was proposed by Neethu Joy presented a new technique that improved the 

Gaussian Mixture Model and the Deep Neural Network-based Hidden Markov Model 

(HMM). ASR system with the TORGO dysarthric speech corpora. By training speaker-

specific acoustic models and tuning various acoustic model parameters, their work showed 

“significant improvements over the previous attempts in building such systems in TORGO, 

using speaker normalized cepstral features and building complex DNN-HMM models with 

dropout and sequence-discrimination strategies” [32]. 

Building DNN acoustic models for large vocabulary was discussed by Andrew Maas in his 

study. His research focused on the most fundamental DNN design decisions that are the most 

relevant for the final ASR system performance. The experimental result showed that the 

WER performance can be improved by increasing model size and depth but only up to a 

certain point. Also, the research indicated that regularization could enhance the performance 

of large DNNs, which otherwise suffered from overfitting problems. According to their 

study,"a much larger gain was achieved by utilizing the combined 2100 hr training corpus 

as opposed to applying regularization with less training data” [30]. 

The study that was proposed by Arseniy Gorin focused on acoustic model structuring for 

improving an HMM-based ASR system. The idea was to use an unsupervised clustering of 

speech segments of the training data to deal with speaker and channel variability by dividing 

the data into acoustically similar classes. In order to build separate class-dependent models, 

the adaptation of a speaker-independent model was used in the conventional multi-modeling 

approach. Also, less data becomes available for the estimation of the class-based models, 

and the parameters were less reliable when the number of classes increased. To handle this 

problem and allow a given segment to belong to more than one class, the classification 

criterion was modified and applied to the training data [31]. 

According to the study submitted by Xiaohui Zhang, maxout networks were made important 

improvements to different speech and visual computer vision areas. His work introduced the 

p-norm and soft-maxout, which are two new types of generalized maxout units. The 

performance of a new model was investigated with LVCS tasks in different languages with 
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10 and 60 hours of speech data. The experiment’s result showed that the p-norm 

generalization of maxout consistently performs well. Also according to their study, "the 

performance of the proposed nonlinearities are compared with maxout, rectified linear units 

(ReLU), tanh units, and also with a discriminatively trained Subspace Gaussian Mixture 

Model SGMM/HMM system, and our p-norm units with p equal to 2 are found to perform 

best” [33]. 

2.3.3 Language Model 

This section introduces some techniques for improving the language model methods that are 

very important for enhancing ASR systems. Language models are usually used in ASR 

systems to help them to find the best results, such as the unigram model, n-gram model, and 

neural network. The following sections discuss different approaches to improving those 

language models. 

The research that was proposed by Christian presents a new language model method that 

allowed for the union of various monolingual into one multilingual language model. The 

new language model types could be easily integrated into their Ibis decoder. The search 

engine included one standard interface in all linguistic knowledge sources. The main goal of 

this work was to compare multilingual statistical n-gram language models with multilingual 

grammars based on a multilingual acoustic model. The experiment result showed that "(a) 

n-gram LMs can be easily combined at the meta level without major loss in performance, 

(b) grammars are very suitable to model multilingualism, (c) language switches can be 

significantly reduced by using the introduced techniques, (d) the resource overhead for 

handling multiple languages in one language model is acceptable, and (e) language 

identification can be done implicitly during decoding" [35].  

Multi-Language Neural Network Language Models describe a general solution that allowed 

data from any language to be used. This paper inspected multilingual recurrent neural 

network language models to create a proof of concept that this multi-language network could 

be used in a range of configurations, including as initialization for previously unseen 
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languages. Also, this multi-task training setup allowed the quantity of data available to train 

the hidden layers to be increased. According to their work, their experiments were conducted 

that "using language packs released within the IARPA Babel program. Index Terms: 

recurrent neural network, language model, data augmentation, multi-task learning" [36]. 

2.3.4 Decoder  

Different ways to improve the modeling and decoding methodology of the ASR systems are 

discussed in this section. More recently, researchers have concentrated on improvements to 

the modeling and decoding methodology of the ASR systems. Improving the decoder could 

be achieved by adding some enhancements to the decoding methodology of the ASR 

systems. The following sections discuss different approaches to improving the decoder from 

various aspects. 

The study that was proposed by Tomoki Hayashi, Shinji Watanabe, Tomoki Toda, and 

Kazuya Takeda, presented a new network architecture called the multi-head decoder for end-

to-end speech recognition as an extension of a multi-head attention model. This method 

aimed to calculate many attentions and integrated them into a single attention, which is called 

the multi-head attention model. Also, the proposed method used multiple decoders for each 

attention and combined their results to create final results. Moreover, various attention 

models were applied for each head to enhance the recognition performance with an ensemble 

effect. Also, the Spontaneous Japanese corpus was used to evaluate the effectiveness of their 

proposed method, and the experimental results showed that "the proposed method 

outperforms the conventional methods such as location-based and multi-head attention 

models, and that it can capture different speech/linguistic contexts within the attention-based 

encoder-decoder framework" [37]. 

Improvements in adaptation techniques were studied by Earlier research in the INRS group, 

by reducing the mismatch between system training and operating conditions. The proposed 

approach used two-level syllable model-based decoding. In the first level syllable model-

based decoding, the utterances segmented into syllable segments, and to identify which 
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syllable group this segment belongs to it. Then, in the second level, each segment was 

divided using the phoneme model, where the possible phoneme sequences were affected by 

the syllables in that syllable group. Also, the group added a new heuristic score in the Hidden 

Markov Model (HMM) decoding that was used to show the degree of competition among 

different HMM states. In order to improve recognition results, speech features were obtained 

from the posterior of this HMM approach and these features. The experimental results 

showed that "carried out on a phoneme classification task (TIMIT), and these methods were 

found to show improvements compared to a baseline performance"[38]. 
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Chapter 3 

Wake-Up-Word Automatic Speech 

Recognition 

3.1 Introduction 

The WUW ASR, which is similar to keyword spotting.  It is an important technology used 

in the discrimination of the word or phrase used only in alerting context and not in the 

referential contexts [1]. Applications or devices using WUW ASR can discriminate between 

the word in alerting context or referential contexts.  For example, when a user speaks a word 

like “computer'' in the sentence "Computer, show me the chart? '' the word “computer” is 

used in the altering context.   The word "computer" is used in referential context when used 

in the sentence, “Every computer should have a speaker”. On the other hand, the applications 

or devices that use General ASR will not be able to discriminate between the two contexts. 

It is difficult to determine, in real-time, if the user is speaking to the computer or about the 

computer. In other words, the WUW ASR system should be able to discriminate if the user 

is speaking to the recognizer or not. However, this section aims to use the WUW approach 

to implement the new WUW ASR system, which can differentiate between alerting context 

and referential contexts. Furthermore, it will be used with the proposed ASR system that will 

have the WUW and General ASR systems working together as a single system.  

Moreover, this section introduces the steps that have been followed to evaluate and test the 

new WUW system.  These steps ensure the WUW approach is the best way to detect WUW, 

which is in of vocabulary words (IOV) with high accuracy and reject the non-WUW, which 

is out of vocabulary words (OOV). To design the new WUW system and understand all 
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WUW ASR system components, the following steps were taken to develop the new WUW 

system (1) choosing the ASR system, (2) applying the WUW approach, and (3) testing the 

new WUW system. In this study, Sphinx 4 was selected to test the WUW approach that has 

been defined and investigated by Veton Kepuska and his team ,and its structure used a large 

amount of speech data that were selected from different sources. The structure of this 

approach includes three major components, as shown in Figure 3.1.  They are (1) frontend: 

responsible for features extraction and Voice Activity Detector (VAD) classification of each 

frame. (2) backend: performing word segmentation and classification of those segments for 

each feature stream, and (3) INV/OOV classification using individual HMM segmental 

scores with Support Vector Machines (SVM) [1]. 

 

Figure 3.1 The Structure of the WUW Approach 
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3.2 Previous Wake-Up-Word Approaches 

An important aspect of WUW ASR systems is the ability to discriminate a specific word or 

phrase used only in alerting context and not in the referential contexts. Also, WUW ASR 

systems will be able to decrease the number of false alarms in the devices and applications 

that use the speech commands to activate the devices. There are several types of research 

that are studied the WUW approach and its structure. This section discusses some previous 

WUW approaches that were focused on improving the WUW ASR systems.  They concern 

in different aspects of improvement, such as enhancing WUW extraction features, enhancing 

AM and LM methodologies, and using new decoding methodologies.  

3.2.1 A novel Wake-Up-Word speech recognition system 

Veton Kepuska and his team, have defined and investigated WUW speech recognition for 

many years. Their study focused on building a novel WUW ASR system that could detect a 

single word or phrase in the context of requesting attention, which is an alerting context. 

This study also rejected the same word or phrase spoken under referential, which is a non-

alerting context.  All other words, phrases, sounds, noises, and other acoustic events were 

rejected with virtually 100% accuracy [1]. In other words, the WUW system is the best way 

to detect WUW, which is in of vocabulary words (IOV), with high accuracy and reject the 

non-WUW, which is out of vocabulary words (OOV). They implemented a WUW ASR that 

includes three main elements: frontend, Voice Activity Detector (VAD), and backend. The 

frontend extracts the features extraction from an input audio signal. The VAD segregates the 

audio signal into speech and non-speech regions. Finally, the backend performs recognition 

and scoring. Their experiment results showed that “they have implemented the most 

important feature of a WUW ASR system, guaranteeing nearly 100% correct rejection of 

non-WUW while maintaining a correct acceptance rate of 99% or higher" [1]. The diagram 

in Figuer. 3.2 below shows the overall structure of the novel WUW ASR system. 
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Figure 3.2 The Structure of the Novel WUW ASR System 

3.2.2 Wake-Up-Word Feature Extraction on FPGA 

Another study published by Këpuska, Eljhani, and Hight reviewed the WUW features 

extraction on FPGA. In this study, they focused on improving the frontend of the WUW 

ASR system by producing three sets of features MFCC, LPC, and ENH-MFCC. The new 

features were decoded to match with the backend of the WUW ASR system [68]. In this 

study, they presented a useful hardware architecture and implementation of the frontend of 

the WUW ASR system that can be used with one solution. The most important feature of a 

WUW ASR system is that “it should guarantee virtually 100% correct rejection of non-

WUW, which is OOV while maintaining a correct acceptance rate of 99% or higher WUW, 

which is IOV” [1]. Their experiment’s results showed that the overall performance and area 
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were highly improved. Moreover, the proposed frontend is the first hardware system 

specifically created for WUW ASR feature extraction based on three types of features 

MFCC, LPC, and ENH-MFCC. For example, there are several steps that have been followed 

to get the MFCC feature: Analog to digital converter, DS filtering, Serial to 32-bit parallel 

converter, Integer to Floating point converter, Pre-emphasis Filter, Window Buffering, 

Windowing (Hamming), Fast Fourier Transform (FFT), MFCC Spectrogram, Mel-scale 

Filtering (MF) and Discrete Cosine Transform (DCT) [68]. The diagram in Fig. 3.3 below 

shows the WUW features extraction on FPGA: 

 

Figure 3.3 The WUW Features Extraction on FPGA 
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3.2.3 Deep Neural Network Based Wake-Up-Word  

This work proposes three ASR systems, using the WUW approach proposed by Veton 

Kepuska, as the baseline with a deep neural network. Fengpei Ge and Yonghong Yan, who 

published this work, investigated the WUW approach in three various ASR systems using 

deep neural network-based wake-up-word speech recognition with two-stage detection as 

shown in Figure 3.4. The first system utilizes HMM-GMM based acoustic model. The 

second system and third system use HMM-DNN with Cross-entropy (CE) and State-level 

minimum Bayes risk (sMBR) respectively. Their experiment results of different algorithms 

show that when comparing the results of baseline with the first system, the accuracy of the 

first system was increased with 2.9%, 8.6%, and 11.2% in three subsets respectively. Also, 

when replacing GMMs with DNNs, there were absolute 9.5% and 13.9% improvement in 

subset2 and subset3 respectively. Meanwhile, false alarms large-scale experienced a 

reduction from 0.28 to 0.14 times per hour. In conclusion, the experiment results for the new 

system showed that it could provide a higher than 90% accuracy and with false alarms 

occurring less than once per nine hours in noisy environments [39]. 

 

Figure 3.4 The Deep Neural Network Based WUW System 
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3.2.4 Wake-Up-Word Spotting for Mobile Systems 

The research of Zehetner and others, which focused on testing the WUW approach with a 

WUW speech data that included three various background noise levels, four different speaker 

distances to the microphone, and ten different speakers. They created a WUW ASR system 

to detect only one personalized WUW in a continuous audio signal. The WUW spotting 

database was recorded with a microphone from different users. Their method combined a 

number of simple distance measures based on the background noise level estimate. For their 

WUW ASR system, they recorded speech data with three various background noise levels 

and four different speaker distances to the microphone. Also, the distance between speakers 

and microphone was 1m and 5m.  A third speaker was in a room adjacent to the device with 

either open or closed doors. Their experiment results in Figure 3.5 showed that “the 

performance of their system is a recall of 59.6% and a precision of 99.7% where the focus in 

alerting applications is more than 95% and acceptable recall more than 50%. This requirement 

is necessitated by the costs of triggering too many false alarms in emergency applications 

where a connection to a call center is established." [55].  

 

Figure 3.5 The Performance of the System with Three Different Background Noise  
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3.2.5 Discrimination of Sentinel Word Contexts 

Another research paper published by Veton Kepuska and his team, studied the discrimination 

of sentinel word contexts using prosodic features. Prosodic are the properties of syllables and 

larger units of speech, including linguistic functions such as intonation, tone, stress, and 

rhythm. This work focused on studying a model applying only prosodic features to classify 

between an alerting and a referential context of spontaneous and free speech. There are two 

contexts in the natural dialog system. The first context is an alerting context that generally 

happens when a speaker wants immediate attention expressed through the use of a sentinel 

word. The second context is a referential context that generally happens when the same 

sentinel word is not used to get immediate attention. In this study, the authors compared both 

contexts together, and their experiment results showed that  "their classification model can 

discriminate between an alerting and referential context with the accuracy of 83.67% by using 

prosodic features utilizing only pitch and energy " [56].  

3.2.6 Wake-Up-Word Detection Method 

WUW detection by estimating formants is a method proposed by Lee and Xiao to detect the 

WUW. This research was focused on studying the location of the target user and speech 

command, which were needed to activate the robot. The WUW system is one important way 

that is often used in the Human-Robot Interaction (HRI) to activate the robot. The WUW 

system is the best way to detect a single word or phrase while rejecting all other words or 

sounds. The authors’ method introduces a multi-channel ASR system to approximate the 

undetermined locations of the sound sources and to improve the feature of WUW. Their 

method used two techniques.  The first was the spatial eigenspace information and the second 

was a formant track scoring scheme based on the speech melodies and voice activities. The 

spatial eigenspace information was developed to find the location-dependent formants.  The 

scoring scheme of the formant tracks yields an efficient way for the WUW detection task. 

Their experiment results demonstrated that their method could control the false alarm under 

10% for all stages, with the acceptable detection rates. Also, by using their proposed WUW 

system, high cluster accuracy over 95% for all stages can be provided [54].  
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Other research that has been investigated the WUW approach is WUW detection for robots 

using spatial eigenspace consistency and resonant curve similarity.  Jwu-Sheng Hu, Ming-

Tang Lee, and Ting-Chao Wang, who have worked on this research, proposed a technique to 

recognize the WUW using a microphone array for human-robot interaction. They utilized the 

spatial eigenspace consistency corresponding to the formants of the predetermined WUW  

Their experiments illustrate that the proposed method can achieve 6% false alarm for the same 

speaker under -11.78 dB SNR condition and 10.31% false alarm with different speakers under 

-3.82 dB SNR condition respectively, while keeping 100% detection rate under babble noise 

environments. Additionally, they said, "their method can keep a high recognition rate under 

a very low signal-to-noise ratio (SNR) conditions. In addition, this method can estimate the 

direction of arrivals of the sound source, and the proposed architecture is easy to expand by 

adding detectors with other features in a cascaded manner to further improve the recognition 

rate" [40]. Also, their research shows the proposed method is computationally more efficient 

rather than the speech recognizers using the HMM. However, they still investigate some 

issues with the method such as the real-time implementation and the competing [40][54] [60]. 

3.2.7 Domain and Speaker Adaptation for Cortana 

There are several WUWs that are used to activate the Cortana; for example, "Hey Cortana, 

where is my next meeting?", “Hey Cortana, call John.”  and “Cortana, what is the time now?". 

The Microsoft Speech Group proposed many approaches to improve the accuracy of these 

WUWs. The team proposed two methods to adapt a multi-style well-trained acoustic model 

for its subsidiary domain of Cortana assistant. The first approach was obtaining the speaker 

information from anchor-based user adaptation. “The vector or d-vector embeddings, which 

came from the anchor segments of ‘Cortana’, were mapped to layer-wise parameters to 

monitor the transformations of together, weight matrices, and biases of multiple layers. The 

second approach was updating the existing model parameters for domain adaptation. They 

proved that prior distribution should be updated along with the network adaptation to 

compensate for the label bias from the development data” [50]. The main goal of this study 

was using the anchor d-vector and the prior interpolation from the anchor-based adaptation to 
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reduce in WER over the generic model. The experiments showed that “by using this approach, 

which is the anchor-based adaptation using the anchor d-vector and the prior interpolation, 

the system achieved 32% relative reduction in WER over the generic model” [50]. 

3.2.8 Multi-task learning for DNN-based WUW 

The Amazon team has presented several new techniques that improved the accuracy of WUW 

on their devices. One of these techniques was using multi-task learning and Weighted Cross-

Entropy for DNN-based WUW by improving the DNN training loss functions for high 

accurate WUW on the devices. The main goal of this study was a combination of multi-task 

training and weighted cross-entropy. “The WUW DNN acoustic model was trained with two 

tasks in parallel.  The main task was expecting the keyword-specific phone states, and a 

secondary task was expecting LVCSR senones. This technique showed improved WUW 

detection accuracy compared to any method alone” [69]. Also, they used another approach 

by using the following two steps. The first step in this model was changing the loss function 

to provide a higher weight on input frames conformable to WUW phone targets. The second 

step was motivation to balance the WUW and background training data. Their results 

demonstrated “the system creates the best results with significantly lower False Alarm Rate 

than the LVCSR-initialization technique alone, when the combination of three methods were 

used.  The three methods are LVCSR-initialization, multi-task training, and weighted cross-

entropy” [69]. 

3.2.9 Small-footprint WUW system using DNNs 

The Google team also has focused on improving the WUW and General ASR system. The 

team has worked on the WUW ASR system to improve the performance of Google devices 

and to reduce the false alarms and misses without increasing CPU or memory usage. They 

proposed an easy method based on deep neural networks. The goal of this approach was to 

build a small-footprint WUW ASR system using deep neural networks with a small memory 

footprint, low computational costs, and high accuracy. To design an ASR system with these 

requirements, the ASR system was trained with the WUWs or sub-word units of the WUWs 

followed by a posterior managing method generating a final confidence score.  
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The recognition results of the new ASR system achieved “45% relative improvement with 

respect to a competitive Hidden Markov Model-based system, while performance, in the 

presence of babble noise, shows 39% relative improvement. Also, the Google team 

investigated two ways to improve deep neural network (DNN) acoustic models for keyword 

spotting without increasing CPU usage” [51]. The first, was using low-rank weight matrices 

with the DNN to raise representational power by raising the number of hidden nodes per layer 

without modifying the total number of multiplications. The second, was using knowledge 

distilled from an ensemble of much larger DNNs only during training. The results of the two 

approaches showed that by using both techniques, the performance of an ASR system was 

improved, and the false alarms were significantly reduced without increasing CPU or memory 

usage with a massive corpus of far-field utterances [51]. 

3.2.10 Using Human Electrocorticographic with WUW 

According to a new study that used the human electrocorticographic recordings for WUW, 

the WUW ASR system has come to the forefront of ASR systems with the advent of voice-

assist technologies such as Microsoft Cortana, Amazon Alexa, Apple Siri, and Google 

Assistant. These companies have started focusing on the WUW technology to improve the 

wake words that activate their devices for interaction with the users. Even though many users 

who used these devices lauded the devices for their ease of operation, the WUW ASR system 

does not have high quality, especially when many users speak a low sound. However, this 

study used the motor representations of speech by invasively recording electrocorticographic 

signals to improve neural WUW. “Monosyllabic consonant-vowel words such as one WUW 

word and 11 similar non- WUW words were used to build the neural matched filters. The 

filters were used with acoustic WUW problems applied to neural data. Also, two models were 

used to determine the WUW or non-WUW speech.  The first model was neural vocal activity 

detection (VAD) to identify utterance times, and the second was a discriminative classifier to 

determine the WUW or non- WUW speech. The performance of the models showed “to be 

highly related to electrode placement and spatial density. Vowel height (/a/ vs /i/) was poorly 

discriminated in recordings from sensorimotor cortex, but it was highly discriminable using 

neural features from superior temporal gyrus during self-monitoring” [65]. According to the 



 

43 

results of this study, the best performing neural keyword detection (5 keyword detections with 

two false-positives across 60 utterances) and neural VAD (100% sensitivity, ~1 false 

detection per 10 utterances) came from high-density (2 mm electrode diameter and 5 mm 

pitch) recordings from ventral sensorimotor cortex” [65]. 

3.3 Wake-Up-Word Performance 

The goal of this section is to test the WUW approach to ensure that it is the best way to detect 

WUW.  It tests the vocabulary words IOV with high accuracy and rejects the non-WUW, 

which is out of vocabulary words OOV. Moreover, it seeks to study if the approach can 

discriminate between the word in alerting context or referential contexts, such as in the use of 

the word “Quantum'' in alerting context is "Quantum please open the door for me'' and in 

referential context, it is “Quantum was a name of a spaceship in Disney movie.” The 

following steps were followed to test the approach.  The first step is choosing the ASR system.  

The second step is applying the WUW approach.  The last step is to test the new system. The 

diagram in Figure. 3.6 below shows the structure of the new WUW ASR system. 

 

Figure 3.6 The Structure of the New WUW System 
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3.3.1 Choosing ASR system 

Choosing a suitable platform for testing is an important step to ensure the new WUW system 

can detect the WUW with high accuracy. Today, there are several types of commercial and 

open-source ASR systems, such as Amazon, Microsoft, Google, Sphinx-4, HTK, Kaldi, and 

Dragon [53]. In our study, Sphinx-4 was selected for testing the approach based on its 

supporting, open-source system, programming language, and component structure. There are 

four main reasons for choosing the Sphinx-4. The first reason is Sphinx-4 developed at 

Carnegie Mellon University (CMU), currently has an extensive LVCSR, and its source code 

is available for download and use [10]. The second reason is Sphinx-4 is an open source 

speech recognition system and usually use in the ASR research areas [59]. The third reason 

is its structure, which has three main components, which are the same as the structure to be 

used with the proposed ASR system.  The structure includes the Frontend, the Decoder, and 

the Linguist, as shown in Figure 3.7. Moreover, the structure was designed with a high level 

of suppleness and modularity [57]. The fourth reason is the Sphinx-4 was written in the Java 

programming language, which is one of the most popular programming languages. Therefore, 

there are additional Java based application packages such as Pocketsphinx, Sphinxbase, and 

Sphinx-train that can be used to train and test the acoustic model.  
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Figure 3.7 The Structure of the Sphinx-4 

3.3.2 Applying Wake-up-word approach 

Several steps were followed to apply the WUW approach with Spinx-4. The first step is the 

frontend of WUW speech recognition should be able to accept various sets of features such 

as MFCC, LPC, and ENH-MFCC.  The second step is the features needed to be decoded and 

reversed with corresponding HMMs in the back-end stage of the WUW speech recognizer.  

The third step is applying different features to the decoder to get different scores from the 

acoustic model. The last step is using the Support Vector Machine (SVM) system to help the 

ASR system for making the final decision if the result is IOV or OOV based on the scores of 

acoustic models.  Spinx-4 was used to create two kinds of features. The first feature is stander 

MFCC or LPC features that has been generated by using the standard Spinx-4 frontend. The 

standard Spinx-4 frontend can generate two types of features such as MFCC and LPC. The 

second feature that has been added to the standard Spinx-4 frontend is the reverse of Spinx-4 
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frontend. This feature is used to get the second score that will be compared with the first score 

to make the final decision. Moreover, The WUW acoustic model was created using the 

Pocketsphinx, Sphinxbase, and Sphinxtrain with other languages Perl, Python, as shown in 

Figure 3.9.  The WUW dictionary and language model were created using Sphinx Knowledge 

Base LMtool, as shown in Figure 3.8: 

 

Figure 3.8  Sphinx Knowledge Base LMtool 
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Figure 3.9 Training and Testing the Acoustic Models  

Also, the WUW acoustic model was trained by using the WUW corpus collected by the 

speech recognition group at the Florida Institute of Technology or from the Speech 

Commands Dataset. In this part, only the alerting contexts were used to train the WUW 

acoustic model. Also, the standard and reverse features were applied to the WUW ASR 

system to get different scores from the acoustic models, WUW ‘Score1’ from the WUW 

acoustic model with standard features (WUW1: -5.19E+07) and WUW ‘Score2’ from the 

WUW acoustic model with reverse features (WUW1: -5.19E+07). Also, by using the Support 

Vector Machine (SVM) library with Sphinx 4, the system can make the final decision if the 

result is IOV or OOV.  It can also detect a WUW word or phrase while rejecting all other 

words or sounds based of the score of WUW acoustic models (Score1) and (Score2).  

According to Sphinx-4 team who has published a paper about Sphinx-4 components, Sphinx-

4 used the conventional Viterbi algorithm, or Full-forward algorithm in search with the 

compact language HMM graphs used by conventional. Sphinx-4 includes HMM-based 

decoders and the importing feature in Sphinx-4 is using a general algorithm called Bushderby 

that performs classification based on free energy, rather than the Bayesian rule Also, the 

likelihoods are used in the computation of free energy [57]. The theoretical motivations for 
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this algorithm are described in this section based on the paper published by Sphinx-4 team. 

From an engineering perspective,” the algorithm can be viewed as the application of a single-

parameter function in the trellis which operates on path scores. The parameter can take 

meaningful values in (0, ∞], and is user-controllable. Mathematically, the function performs 

an 𝜂 -norm over the score of a set of  𝜋 edges incident on a node U in the trellis that is being 

searched for the best hypothesis as” [57]: 

score(U) = (∑ 𝑝𝑟𝑜𝑏(𝜋)𝜂

𝜋∈𝑈

)

1

𝜂

                             (3.1) 

When 𝜂 = 1 , this reduces to full-forward or Bayesian decoding: 

score(U) = ∑ 𝑝𝑟𝑜𝑏(𝜋)𝜂

𝜋∈𝑈

                                       (3.2) 

When 𝜂 = ∞, it reduces to viterbi decoding: 

score(U) = 𝑚𝑎𝑥𝜋∈𝑈(𝑝𝑟𝑜𝑏(𝜋))                                (3.3) 

“For values of which are not equal to either 1 or ∞, the expression in equation (1) has no 

Bayesian interpretation. However, it can be related to free energy. Classification over 

mismatched data can directly be controlled through this Bushderby parameter and has been 

shown to yield significant improvements in recognition performance [57]”. Moreover, this 

section describes the model that used to obtain the acoustic scorer, the search module of 

Sphinx-4 creates a tree of hypotheses using a token passing algorithm, which is used in many 

conventional decoders [10]. "The token tree consists of a set of tokens that contain 

information about the nodes traversed in the trellis and provides a complete history of all 

active paths in the search. Each token contains the overall acoustic and language scores of the 

path at a given point, a Language HMM reference, an input feature frame identification, and 

a reference to the previous token, thus allowing back tracing. The Language HMM reference 

allows the search manager to relate a token to its sentence, context-dependent phonetic unit, 

pronunciation, word, and grammar state. The search module also communicates with the state 

probability estimation module, also called the acoustic scorer, to obtain acoustic scores for 
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the current data, which are only seen by the acoustic scorer"[57]. The Figure 3.10 shows the 

Structure of the New WUW System:  

 

Figure 3.10 The Structure of the New WUW System 

3.3.3 Testing the new WUW ASR system 

After testing the new approach with Sphinx-4, for the corpus and creating two features, the 

new ASR system was able to make the final decision based on the results of the decoder and 

the scoring of the WUW acoustic models. In the stage, The Support Vector Machine (SVM) 

library with the WUW system was used to detect a single word or phrase while rejecting all 

other words or sounds by using the score of WUW acoustic models (Score1) and the score of 

reverse WUW acoustic models (Score2). For evaluating the detection of the "Wake-Up-Word 

(WUW), we tested some corpus with the support vector machine. For evaluating the system, 

it was tested with some corpus. The results of the experiment showed that the WUW ASR 
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system can make the final decision if the result is IOV word with high accuracy (Confidence 

Word (100%)) OOV word with Confidence Word (100%). The following figure illustrates 

the experiment results:  

 

Figure 3.11 IOV and OOV Acoustic Models Scores 

 

Table 3.1 The score of WUW acoustic models (Score1) and the score of reverse 

WUW acoustic models (Score2) 

Type of Word Score 1 Score 2 

1 -5.24E+07 -4.71E+07 

1 -6.21E+07 -4.53E+07 

1 -4.66E+07 -5.29E+07 

1 -5.34E+07 -5.37E+07 

1 -4.86E+07 -7.56E+07 

1 -4.12E+07 -6.01E+07 

1 -3.76E+07 -3.59E+07 

1 -5.05E+07 -6.15E+07 
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1 -3.72E+07 -6.75E+07 

-1 -2.01E+07 -2.01E+07 

-1 -3.86E+07 -2.38E+07 

-1 -2.93E+07 -1.18E+08 

-1 -1.82E+07 -1.02E+07 

-1 -2.40E+07 -1.80E+07 

-1 -2.12E+07 -1.58E+07 

-1 -2.65E+07 1.98E+07 

-1 -2.44E+07 -1.16E+08 

-1 -2.03E+07 -1.58E+07 

 

3.4 Conclusion 

The specific objective of this study is to address the stages for building a WUW ASR system 

that was used with our proposed ASR system and to report the experiments that were followed 

to test the performance of the WUW ASR system. The WUW ASR system has been trained 

and tested with many types of speech corpora containing different acoustic environments. 

Based on experimental results, it has been proven that the WUW ASR performance works 

with high quality for all acoustic environments, and all stages of the proposed ASR system 

work with high performance. Also, the system can detect the WUW with high accuracy. 
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Chapter 4 

Improving WUW and General 

Automatic Speech Recognition 

4.1 Introduction 

General Automatic Speech Recognition (General ASR), is a large vocabulary, continuous 

speech recognition system (LVCSR), that has achieved a high output accuracy of more than 

95%. Various research and practical approaches are being performed on existing General 

ASR systems to improve their performance and achieve higher accuracy. On the other hand, 

the Wake-up-Word Automatic Speech Recognition (WUW ASR) Systems are similar to Key-

Word spotting, have been used in applications needing high accuracy speech recognition with 

100% speech command accuracy. Continued development of these applications will increase 

the number of Wake-up-Words speech commands. This study, however, proposes a speech 

recognition system that can work in both WUW and General ASR systems with high 

accuracy. It will be used to detect WUW, as a command, with 100% accuracy. Also, the 

proposed ASR system will be used to solve one of the biggest problems in speech recognition, 

how to differentiate between the uses of a word or phrase in an alerting or in a referential 

context. This chapter discusses a new approach that will be used to detect the Wake-Up-Word 

(WUW) as a command with 100% accuracy and to provide a whole speech recognition system 

that can work in both WUW and General ASR systems with high efficiency. Also, the new 

approach will be used to improve speech enhancement, detection, and recognition algorithms 

in both WUW and General ASR systems.  
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Therefore, the proposed new ASR system will be used to solve one of the biggest problems 

in speech recognition, which is how to discriminate between the uses of a word or phrase in 

an alerting and a referential context. For example, in the use of the word “Car'' in an alerting 

context is "Car, show me the camera? '' and in a referential context, it is “Every car should 

have a speaker.” The aim of this study is to build a speech recognition system that can work 

efficiently for various acoustic environments. To create an ASR system that can work 

efficiently in various acoustic environments, the ASR system must be trained by using 

multiple acoustic environments. Before discussing the proposed approach, the next section 

will discuss some previous approaches. The new proposed approach will be introduced after 

this section, in section 4.3. 

4.2 Previous Improving ASR Systems Approaches  

In the past decade, the performance of automatic speech recognition (ASR) has been 

significantly improved. An increasing number of ASR systems are being deployed in a variety 

of applications. Moreover, the performance of different aspects of ASR systems has been 

improved by using various approaches. Some enhancements have been made to Frontend, 

Decoder Acoustic Model, Language Model [64]. ARS systems have become accepted in use 

case applications such as education assistance, medical assistance, personal assistant, robotics 

and vehicles, telecommunications, disabilities systems, home automation, and security access 

control. These applications can increase the number of Wake-Up-Word speech commands. 

Using a WUW ASR system is an important aspect of being able to discriminate a specific 

word or phrase used only in alerting context (and not in the other; e.g. referential contexts)” 

[1]. Today, WUW ASR systems are also used in many devices such as Microsoft’s Cortana, 

Apple’s Siri, Amazon’s Alexa, Google Assistant, and Facebook’s M. However, most 

companies producing automatic speech recognition systems have focused on improving the 

speech recognition accuracy in general without focusing on improving the speech recognition 

accuracy in WUW ASR Systems. For example, in 2015, Google reached an 8% word error 

rate. It was an improvement of more than 23% from 2013 [60]. Also, Microsoft reported a 

word error rate (WER) of 5.9%, down from 6.3% WER [61].  
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4.2.1 Focused Research Groups  

Researchers have studied and improved various aspects of the WUW and General paradigm 

to create a new ASR system, which increased the interaction between the users and the 

devices. Këpuska & Klein, for example, focused on the WUW ASR system that can detect a 

single word or phrase when spoken in an alerting context while rejecting all other words, 

phrases, sounds, noises, and other in a non-alerting context [1]. Also, according to work 

completed by Zehetner and others, their research focused on establishing and testing a WUW 

ASR system with a WUW spotting database that includes three different background noise 

levels, four different speaker distances to the microphone, and ten different speakers [55]. 

Another example is the work researchers designed for a classification model to discriminate 

between an alerting and referential context. The results of their work showed that the 

classification model can discriminate an alerting and referential context and achieve the 

accuracy of 83.67% by the usage of prosodic features utilizing only pitch and energy [56]. 

Moreover, the research of Jwu-Sheng Hu concluded, when a multi-channel speech interface 

is introduced, it is possible to not only to estimate the unknown locations of the sound sources 

but also to strengthen the speech feature for WUW detection [54].  Fengpei Ge and Yonghong 

Yan studied that the methodologies proposed by Dr.Veton Kepuska can be used as a baseline. 

Several approaches, discussed above, were divided into three systems.  The first was an 

HMM-GMM based acoustic model.  The second was a HMM-DNN with CE.  The third was 

SMBR. According to the study that published by Griffin Milsap, Maxwell Collard, 

Christopher Coogan, Qinwan Rabbani, Yujing Wang, and Nathan E. Crone, the motor 

representations of speech, when invasively recorded with electrocorticographic signals, can 

be used to improve the neural WUWs and the performing neural keyword detection with very 

high accuracy [65]. 

4.2.2 Focused Research Companies 

Recently, WUW systems have come to the forefront of speech recognition with the advent 

of voice-assist technologies such as Microsoft Cortana, Amazon Alexa, Apple Siri, and 

Google Assistant. All of these companies have started a focus on the WUW technology to 
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improve the wake words that activate their devices for interaction with the users. Even 

though many users who used these devices lauded for their ease of use, the voice-activated 

system interaction does not produce high quality, especially when many users speak a low 

sound. However, companies like Amazon, Google, and Microsoft have started including the 

capabilities of a WUW ASR system in their devices. Examples of such devices are 

Microsoft’s Cortana, Amazon Alexa, and Google HOME Assistant. The following sections 

discuss different approaches to improve speech recognition by some companies. 

4.2.2.1 Amazon Alexa and Devices Research 

The research of Amazon Alexa and other devices is focused on improving and building the 

speech and language solutions behind Amazon Alexa, Echo, and other Amazon products and 

services. The Amazon team has worked on the WUW detection in all Amazon devices such 

as Kindle and Fire TV Stick, Echo and Dash. The WUW, which is used in “Alexa”, is the 

first step that customers use to enable the Amazon devices. The accurate detection of WUW 

such as “Alexa” or substitute WUW is critical.   It is difficult to build a WUW ASR system 

with high accuracy, limited computing resources on the device and background noise. The 

Amazon team has presented several new techniques that improve the accuracy of WUW on 

their devices. One of these techniques is using multi-task learning and weighted cross-entropy 

for DNN-based WUW by improving the DNN training loss functions for high accurate WUW 

on the devices. The main goal of this study is “a combination of multi-task training and 

weighted cross entropy. The WUW DNN acoustic model is trained with two tasks in parallel.  

The main task is predicting the keyword-specific phone states.  The auxiliary task is predicting 

LVCSR senones” [69]. 

This technique produced improved WUW detection accuracy compared to any method alone. 

Also, they used another two-step approach. The first step is changing the loss function to give 

a higher weight on input frames corresponding to WUW phone targets. The second step is 

balancing the keyword and background training data. Their results showed that the system 

produced the best results, with a significantly lower False Alarm Rate than the LVCSR-

initialization technique alone, when they used a combination of three methods which are 
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LVCSR-initialization, multi-task training, and weighted cross-entropy. Another technique, 

which was proposed by Amazon, is to use a new DNN structure used for training a speech 

feature directly from the raw audio input. They focused on improving the DNN-HMM system 

in the WUW system by training a feature with DNN extracted from raw audio rather than a 

traditional speech feature [69].  

Furthermore, the team presented a new WUW system that showed WUW performance can 

be improved by combining two-stage classifier wealthy phone contexts into the two-stage 

system. Moreover, they tested a new WUW system on-device based on new DNN acoustic 

modeling and proposed a new approach for creating background noise using monophonic-

based sound units. They found the information extracted from the monophonic sound units 

can improve the WUW accuracy with approximately 16% relative reduction in instances 

where Alexa doesn't respond to the wake word False Rejection Rates (FRR) and 

approximately 37% relative reduction in instances when Alexa mistakenly believes it heard 

the wake up word, or false alarm rates (FAR). Moreover, when they used a second-stage 

classifier that extracts monophonic units for final WUW detection, FAR was reduced to 67% 

utilizing very few additional computational resources [69]. 

4.2.2.2 Google Speech Research 

The Google team also has focused on improving the WUW and General ASR system. The 

team has worked on the keyword spotting system to improve the performance of Google 

devices and to reduce the false alarms and misses without improving CPU or memory usage. 

They proposed an easy method based on deep neural networks. The goal of the approach is 

to build a small-footprint WUW ASR system, using deep neural networks, with a small 

memory footprint, low computational costs, and high accuracy. In order to design an ASR 

system with these requirements, the ASR system must be trained with the WUWs or sub-

word units of the WUWs, followed by a posterior handling method generating a final 

confidence score [51].   

The recognition results of the new ASR system achieved “45% relative improvement with 

respect to a competitive Hidden Markov Model-based system, while performance in the 
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presence of babble noise showed 39% relative improvement. Also, the Google team 

investigated two ways to improve deep neural network (DNN) acoustic models for WUW 

spotting without increasing CPU usage” [51]. The first was using low-rank weight matrices 

with the DNN to raise representational power by raising the number of hidden nodes per layer 

without modifying the total number of multiplications. The second is using knowledge 

distilled from an ensemble of much larger DNNs only during training. Their results of the two 

approaches showed that “by using both techniques, the performance of ASR system is 

improved, and the false alarms are significantly reduced without increasing CPU or memory 

usage with a massive corpus of far-field utterances” [51]. 

4.2.2.3 Microsoft Speech Research 

The Microsoft Speech Group developed a new technology that includes multimodal 

interaction technologies such as Gesture Recognition (GR), Automatic Speech Recognition 

(ASR) Optical Character Recognition (OCR), Text-to-Speech (TTS), and Ink Analysis and 

Recognition. People and organizations use these techniques to improve their applications 

and devices to do more and achieve more. Cortana, which is the personal assistant 

technology, it is one of these applications that use the ASR system to power all of the speech 

experiences in Windows 10 and other Microsoft devices. There are several WUWs that are 

used to activate the Cortana, for example, "Hey Cortana, where is my next meeting?", “Hey 

Cortana, call John.”  and “Cortana, what is the time now?". The Microsoft Speech Group 

proposes many approaches to improve the accuracy of these WUWs. The team proposes two 

methods to modify a multi-style well-trained acoustic model as a subsidiary domain of 

Cortana assistant [50]. “The first approach is to obtain the speaker data from anchor-based 

speaker adaptation. The vector or d-vector embeddings, which comes from the anchor 

segments of ‘Hey Cortana’, are mapped to layer-wise parameters to control the 

transformations of weight matrices, and biases of multiple layers. The second approach is to 

update the existing model parameters for domain adaptation” [50].  They demonstrated that 

prior distribution should be updated along with the network adaptation to compensate for the 

label bias from the development data. The main goal of the study was to use the anchor d-

vector and the prior interpolation from the anchor-based adaptation to reduce in WER over 
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the generic model. The experiments showed by using the anchor-based adaptation, using the 

anchor d-vector and the prior interpolation, the system achieved 32% relative reduction in 

WER over the generic model [50]. 

4.3 The Proposed WUW and General ASR Approach  

Many techniques have been used to design and improve ASR systems.  Generally, they are 

based on the application and its complexity. ASR systems can be separated into several 

different classes, such as isolated words or connected words and continuous speech, or 

dependent and independent speakers, or small and large vocabulary or WUW and General.  

Usually, there are three main components in a general speech recognition system.  They 

include the frontend, the decoder, and the knowledge base. The knowledge base usually 

includes an acoustic model, a language model, and a dictionary. The following in figure 4.1 

is a graphic representation of the structure of the general speech recognition system.  

 

Figure  4.1 The Structure of General Speech Recognition System 
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This dissertation proposes an innovative ASR system, a higher accuracy, which is capable 

of working with WUW and General ASR systems.   It also solves the dominate problem of 

how to discriminate between the uses of a word or phrase in an alerting or a referential 

context.  To create an ASR with 100% accuracy, this novel approach to the ASR system uses 

the following four steps, as shown in Figure 4.2. The first step is modifying the Structure of 

General ARS System. The second step is to select the best platform to test the proposed 

approach.  The third step is to simulate the WUW and General acoustic models. The fourth 

step is to design a rule-based system to aid the final decision. Figure 4.2 shows the structure 

of the proposed ASR system: 

 

Figure  4.2 The Structure of Proposed Speech Recognition System 

4.3.1 Modifying the Structure of General ARS System 

The structure of the General ASR system was modified by adding components and 

modifying other components in the original structure of General ASR systems.  First, the 
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frontend was modified to be able to accept various kinds of features, such as Mel-scale 

Filtered Cepstral Coefficients (MFCCs) and Linear Prediction Coefficients (LPC).  Second, 

two acoustic models were added to the knowledge base component, the WUW acoustic 

model and the General acoustic models.  Third, the decoder results were modified by 

combining the decoder results of decoder 1 for the WUW acoustic model and decoder 2 for 

the General acoustic model. Last, the decision support system was modified to help the 

system in making the final decision. Figure 4.3 shows the modifying of General ARS 

System: 

 

Figure  4.3 Modifying the Structure of General ARS System 

4.3.2 Testing the Proposed approach 

Selecting a suitable platform for testing a new approach is an important step to ensure the 

proposed ASR system can work with high accuracy. Today, there are several companies 
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using ASR systems in their products, such as Amazon, Microsoft, Google, Sphinx-4, HTK, 

Kaldi, and Dragon [53]. In our study, Sphinx-4 was selected for testing the approach based 

on its supporting, open-source system, programming language, and the structure of its 

components. There are four main reasons for choosing the Sphinx-4. The first reason is 

Sphinx-4 was developed at Carnegie Mellon University (CMU) and currently has an 

extensive vocabulary speaker independent speech recognition, and its source code is 

available for download and use [10]. The second reason is Sphinx-4 is an open source speech 

recognition system and usually use in the ASR research areas [59]. The third reason is its 

structure has three main components, which are the same components as our structure.  The 

structure of Sphinx-4, as shown in Figure 4.4, includes the Frontend, the Decoder, and the 

Linguist. Moreover, its structure was designed with a high level of suppleness and 

modularity [57]. The fourth reason is the Sphinx-4 was written in the Java programming 

language. Therefore, there are additional packages, written with Java, such as Pocketsphinx, 

Sphinxbase, and Sphinx-train that can be used to train and test the acoustic model. 

 

Figure  4.4 The Structure of the Sphinx-4 
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4.3.3 Simulating the WUW and General Acoustic Models 

In our proposal, two acoustic models, the WUW and the General, were used to represent the 

relationship between an audio signal and phonemes or words. Many speech corpora have 

been used to create the WUW and General acoustic models, and their text transcriptions by 

using special training algorithms to create statistical representations for each phoneme or 

word in a language [53]. The statistical representations used in the proposed ASR system are 

Hidden Markov Models (HMM). Simulating the WUW and General acoustic models is 

shown in Figure 4.5: 

 

Figure  4.5 Simulating the WUW and General Acoustic Models 
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Figure  4.6 Creating the Language Model and Dictionary  

4.3.3.1 General Acoustic Models 

Sphinx-4 uses a general English acoustic model that includes the most recent version of 

HMM-based speech and a strong acoustic model using an HMM model with training large 

vocabulary [58]. Moreover, Pocketsphinx, Sphinxbase, and Sphinxtrain have been used to 

increase the accuracy of the General acoustic model by adapting the General acoustic model 

with additional corpora, such as the Texas Instruments and Massachusetts Institute of 

Technology corpus (TIMIT) and the WUW corpus. The TIMIT, which is a speech corpus 

that designed to provide speech data for sound-phonetic education and for designing and 

testing of ASR systems. TIMIT contains broadband recordings of 630 speakers of eight main 

dialects of American English. Each reading has ten phonetically rich sentences. The TIMIT 

corpus contains time-aligned orthographic, phonetic, and word transcriptions.  It also 

includes a 16-bit, 16kHz speech waveform file for each word. This corpus has two major 

components.  The first component is the training component which is used to generate an 

ASR system baseline, and as a testing component that is not used by the experiment until the 

final evaluation [62].  The second corpus is the WUW corpus that was collected from the 

Speech Recognition Group at the Florida Institute of Technology. The entire data set is 
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divided into two contexts, alerting contexts and referential contexts, using two sentences.  

The sentence, " Dave play the music again please'' is an example using the word “Dave” in 

alerting context and the sentence “Dave is one of my best friends.” is an example using the 

word “Dave'' in referential context. The referential contexts were only used for adapting the 

General acoustic model and Getting the General Score (Score1) from the General acoustic 

model (WUW1: -3.20E+07). 

4.3.3.2 WUW Acoustic Model 

The WUW acoustic model was created using Pocketsphinx, Sphinxbase, and Sphinxtrain 

along with other languages Perl, and Python, as shown in Figure 4.7. Also, the WUW 

acoustic model was trained by using the WUW corpus that was collected by the Speech 

Recognition Group at Florida Institute of Technology and from the Speech Commands 

Dataset that was collected by Google. Only the alerting contexts were used to train the WUW 

acoustic model and to get the General Score (Score2) from the WUW acoustic model 

(WUW1: -5.19E+07) 

 

Figure  4.7 Training and Testing the Acoustic Models 
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4.3.4 Designing the Decision Support System 

After testing the proposed approach with Sphinx-4 and combining the WUW and General 

acoustic model in one system, the proposed ASR system produced two results.  As it was 

producing the two results, the decision support system was designed to choose the best result 

from the decoders and acoustic models based on the results of the decoders (Decoder 1, 

Decoder 2) and the scoring of the WUW and General acoustic models. The decision support 

system includes two stages. The first stage is detecting WUW.  The second stage is making 

the final decision. 

4.3.4.1 Detection Wake-Up-Word (WUW)  

In the detecting WUW stage, the Support Vector Machine (SVM) was used to detect a single 

word or phrase while rejecting all other words or sounds by using the score of WUW acoustic 

models (Score 1) and the score of reverse WUW acoustic models (Score 2). The proposed 

ASR system was tested with corpora to evaluate the detection Wake-up-word stage. Figure 

4.8 shows the detection Wake-Up-Word stage using (Score 1 and Score 2): 

 

Figure  4.8 Detection Wake-Up-Word (Score 1 and Score 2) 
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Table 4.1 The score of WUW acoustic models (Score1) and the score of reverse 

WUW acoustic models (Score2) 

Type of Word Score 1 Score 2 

1 -4.75E+07 -6.16E+07 

1 -3.47E+07 -6.57E+07 

1 -3.85E+07 -4.88E+07 

1 -4.62E+07 -2.72E+07 

1 -4.32E+07 -5.23E+07 

1 -3.44E+07 -6.68E+07 

1 -5.26E+07 -3.02E+07 

1 -4.17E+07 -5.20E+07 

1 -3.28E+07 -6.74E+07 

1 -4.37E+07 -5.19E+07 

-1 -1.87E+07 -4.83E+07 

-1 -2.91E+07 -4.24E+07 

-1 -1.60E+07 -3.72E+07 

-1 -1.21E+07 -6.40E+07 

-1 -1.21E+07 -6.40E+07 

-1 -1.21E+08 -4.12E+07 

-1 -2.53E+07 -2.04E+07 

-1 -1.58E+07 -1.07E+08 

-1 -1.37E+07 -2.03E+07 

-1 -1.22E+07 -6.57E+07 

-1 -1.54E+07 -2.31E+07 

-1 -1.77E+07 -2.85E+07 

-1 -1.56E+07 -2.22E+07 

-1 -1.40E+07 -6.68E+07 

-1 -1.01E+07 -3.02E+07 

-1 -1.58E+07 -2.21E+07 

-1 -1.56E+07 -6.74E+07 

-1 -1.69E+07 -2.69E+07 

 



 

67 

4.3.4.2 Making the Final Decision 

In the second stage, the final decision was made based on two scores.  The first score, ‘Score 

1’, was based on the results of Decoders 1 and 2.  The second score, ‘Score 2’ was based on 

the scoring of the WUW acoustic models (Score 1) and General acoustic models. For 

evaluating this stage, the proposed ASR system was tested with corpora.  After testing this 

stage, the experiment results showed the proposed ASR system can make a final decision 

with 100% accuracy (Confidence Word 100%). For example, when the WUW is 

"Computer", the final outcome was determined by three rules.  The first rule is when the 

results of Decoders 1 and 2 are equal and then the score of the WUW acoustic models (Score 

2) is more than the score of the General acoustic models (Score 1).  The second rule is when 

the results of the Decoders 1 and 2 are different and the result of Decoder 2 is WUW, then 

the final outcome is a WUW with (Confidence Word 50%) and the result of Decoder 1 is 

General word with (Confidence Word 0%).  The third rule is when the results of Decoder 2 

is silence "<sil>" and the results of Decoder 1 is WUW or General word, then the final 

outcome is the result of Decoder 1 which is General word with (Confidence Word (100)%). 

Figure 4.9 shows the rules that were used for making final decision: 
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Figure  4.9 Making the Final Decision 

The results of this experiment showed that the proposed ASR system can make the final 

decision. The outcome of the system is a WUW or General with 100% accuracy with the 

confidence word at 100%. For example, when the score of the word "Computer" has the 
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confidence word at 50% in the first stage and the confidence word at 50% in the second 

stage, then the system will make the final decision that the word "Computer" is WUW with 

confidence word at 100%. 

Moreover, The new ASR system was tested by using a new tool that was written by using 

the Java language, which is the same language that used with Sphinx-4, as well this tool was 

connected with the classes of Sphinx4 to work together to recognize the audio files and 

calculate the word error rate(WER). The recognition results of the new ASR system were 

compared with the results of the original ASR system. The results of the experiments showed 

the new ASR system can recognize utterances as WUW with 100 % accuracy or General 

word with high accuracy.  

The word error rate (WER) and accuracy were calculated by using these equations: where I 

words were inserted, D words were deleted, and S words were substituted. 

The original text (Reference):         

      the small boy PUT    the worm on the hook 

The recognition text (Hypothesis):    

     the small boy THAT the worm on the hook 

WER = (I + D + S) / N   ………………….……… (4.1) 

  WER = (0 + 0 + 1) / 9 = 0.11 

Accuracy = (N - D - S) / N ……………………… (4.2) 

WA = (9 + 0 + 1) / 9 = 0.88 
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Figure  4.10 Testing the New ASR System 

4.4 Conclusion 

This chapter focused on the design and implementation of a whole speech recognition system 

that can work in both the WUW and General ASR systems at the same time and with high 

accuracy. The new ASR system will be used to solve one of the biggest problems that speech 

recognition technology faces, which is how to discriminate between the uses of a word or 

phrase in an alerting versus a referential context. By using this paradigm, the accuracy of 

commands that are used to interact with machines, such as one word or an entire sentence, 

will improve and be able to reach high accuracy. The results of the experiment showed that 

the proposed ASR system can make the final decision. The outcome of the system is a WUW 

or General with 100% accuracy (Confidence Word 100%). For example, when the score of 

the word "Computer" has the confidence word at 50% in the first stage and the confidence 

word at 50% in the second stage, then the system will make the final decision that the word 

"Computer" is WUW with confidence word at 100%.  

 

 



 

71 

Chapter 5 

Experimental Tools and 

Environments  

5.1 Introduction  

In this dissertation, there are many tools that were used to test the WUW paradigm and the 

proposed ASR system. This chapter discusses the tools that have been selected after testing 

several tools from different sources. In the first section, Sphinx 4, which was selected to test 

the new ASR system, is introduced with more information about its structure and 

components. Section 5.3 describes with some details the tools that have used to adapt and 

train the WUW and General acoustic models such as Pocketsphinx, Sphinxbase, Sphinxtrain, 

and Lmtoot that was used to create the language models and dictionary. Section 5.4 

introduces the LIBSVM tool, which is a library for Support Vector Machines (SVM) 

classification that was used the decision support system to help the system for making the 

final decision. Finally, all speech corpora that were used with the new ASR system are listed 

in section 5.6. 

5.2  CMU Sphinx ASR  

Selecting a suitable platform for testing is an important step to ensure the proposed ASR 

system can work with high accuracy. Today, there are several companies using ASR systems 

in their products, such as Amazon, Microsoft, Google, Sphinx-4, HTK, Kaldi, and Dragon 

[53]. In our study, Sphinx-4 was selected for testing the approach based on its supporting, 

an open-source system, programming language, and structure of components. There are four 
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main reasons for choosing the Sphinx-4. The first reason is Sphinx-4 developed at Carnegie 

Mellon University (CMU) and currently has an extensive vocabulary speaker independent 

speech recognition, and its source code is available for download and use [10]. The second 

reason is Sphinx-4 is an open source speech recognition system and usually use in the ASR 

research areas [59]. The third reason is its structure has three main components, which are 

the same as our structure. “Its structure includes the Frontend, the Decoder, and the Linguist. 

Moreover, its structure was designed with a high level of suppleness and modularity” [57]. 

The fourth reason is the Sphinx-4 was written in the Java programming language. Therefore, 

there are additional packages such as Pocketsphinx, Sphinxbase, and Sphinx-train that can 

be used to train and test the acoustic model. 

 

Figure.5. 1 Architecture of the Sphinx-4 system.  
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Figure.5. 2 The Main Components in the Sphinx-4 structure 

The main components in the Sphinx-4 structure are the Frontend, the decoder, and the 

Linguist, as shown in Figure 5.2. Those components are responsible for receiving a speech 

signal and generating the result [10]. The frontend is the first stage of Sphinx-4 and 

responsible for extracting features from a speech signal and using the features for training 

and classification. The frontend stage separates the features extraction to a short speech 

segment, which is frame, and usually 20 ms [10]. The frontend stage applied the speech 

extraction algorithm on the segment to get a sequence of feature vectors that are calculated 

for every subsequent frame. The sequence of feature vectors will be used in the Backend 

stage to select the most likely words or sentences [8]. There are many types of features that 

Sphinx-4 extracts from the audio data, such as Linear Predictive Encoding (LPC), Mel-

cepstra Frequency Coefficient Extraction (MFCC), and Perceptual Linear Prediction (PLP). 
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The decoder is the major component of the speech recognition system, and it uses the 

features from the frontend with the knowledge base to generate the result by selecting the 

most likely words or sentences. The main task of the decoder is to calculate which sequence 

of words is most likely to match the signal represented by the feature vectors. “The Sphinx-

4 has a component that calls Search Manager searches the graph provided by the Linguist, 

using the features from the input sequence provided by the frontend, in order to decode the 

speech signal” [10].  

The main goal of a knowledge base, which is an important component of ASR systems, is to 

create a search graph for the decoder and holds all the information for matching the incoming 

voice data with actual words and phrases. This component contains three main components: 

the acoustic models, the dictionary, and the language model. The acoustic model includes 

statistical representations of each of the phoneme or speech sounds. In the English language, 

there are around 40 differentiable sounds called phonemes. Each phoneme or speech sound 

characterizes how sound changes over time and is modeled by a sequence of states and signal 

observation probabilities -- distributions of sounds that you might hear (observe) in that state 

[10]. In order to create a new acoustic model, “the new model should be training using special 

training algorithms to create statistical representations for each phoneme in a language with 

a large database of speech (called a speech corpus)” [53]. The language model represents the 

likelihood, probability, or penalty taken when a sequence or collection of words is observed. 

Grammar-based and stochastic language models are two major categories models that are 

usually used in the ASR system. Grammar-based language models represent “a directed 

word graph where each node represents a single word, and each arc represents the probability 

of a word transition taking place. The stochastic N-Gram models provide probabilities for 

words given the observation of the previous n-1 words” [53][10]. The dictionary has a list 

of words with a sequence of the phone. In Sphinx-4, “the dictionary file (often with a .dic 

extension) is a list of words with a sequence of phones. If a word can be pronounced more 

than one way, it needs to be given a different name but affixing a number after it in 

parentheses” [10]. The decoder requires to know the pronunciations of words found in the 

Language Model. The pronunciations separate words into sequences of sub-word units found 
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in the AM. The Dictionary interface also helps the classification of words and allows for a 

single word to be in multiple sub-word [10]. The following are the main components of 

Sphinx-4, as shown in Figure 5.3, 5.4, 5.5 and 5.6: 

 

Figure.5. 3 The  Main Components of Sphinx-4  
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Figure.5. 4 Sphinx-4 Core Systems 

 

Figure.5. 5 Sphinx-4 Data Systems 
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Figure.5. 6 Sphinx-4 Samples Systems 

5.3 Lmtool Tool  

The language model is a critical component of the ASR system. There are several types of 

language models that are usually used with the ASR system to help the decode to know the 

pronunciations of words found in the language model, such as keyword lists, grammars, and 

statistical language models and phonetic language models [10]. In order to create a new ASR 

system with a new language model, there are several language models tools that usually use 

to produce language models such as IRSTLM, KenLM, MITLM, OpenGrm, RandLM, 

lmtool, Toolkit, VariKN, Cmuclmtk, SRILM, and WOPR. The CMU Sphinx on-line LMtool 

and CMUSphinx (CMUCLMTK) were used to create the language models and dictionaries 

from each corpus using by the new ASR system. For example, Lmtool and the WUW corpus 

were used to create the WUW language model and dictionary and that have been using with 

the new ARS system.   
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Figure.5. 7 Sphinx Knowledge Base Tool - lmtool 

The lmtool is a language model tool that is used to create a uniform set of lexical and 

language model files for being used in the decoder of Sphinx-4 to help the decoder to 

recognize the words. The lmtool is designed for the American English language in particular. 

Even though this tool is designed to build a language model for Sphinx-4, any system that 

can use ARPA-format files can use the language model [66]. In order to create a new 

language model as shown in Figure 5.8, the speech corpus should contain all sentences you 

would like the Sphinx-4 to recognize, should not have punctuation symbols, and must be one 

to a line. The result of this tool includes the dictionary and language model [66]. 
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Figure.5. 8 The Output of Sphinx Knowledge Base Tool  

5.4 Sphinxtrain Tool  

There are additional packages that come with the Sphinx-4 for training and adapting the 

acoustic models, such as Pocketsphinx, Sphinxbase, and Sphinx-train. These packages are 

required some other programming languages to train the acoustic model, for example, Perl 

for ActivePerl and Python for ActivePython. To create an acoustic model for a new ASR 

system, some steps usually follow to train an acoustic model are preparation speech data that 

includes recordings of several speaker’s dictation, speakers for command and control for 

many speakers, single speaker dictation. Also, having enough experience in the phonetic 

structure of the language and sentences and enough time to train the model and optimize the 

parameters. To create a new acoustic model that can be used with Sphinx-4, the 

Pocketsphinx, Sphinxbase, and Sphinxtrain should be used together with speech corpora to 

create and train the acoustic model. 
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Moreover, there are several stages in the Sphinxtrain tool that are used to create the acoustic 

model, such as Context Independent (CI) Training, Context Dependent (CD), Untied Model, 

Build Decision Trees, and 4-Context dependent Tied states.  Furthermore, Sphinx has some 

approaches for adaptation of the acoustic model. The adaptation is an important way for the 

ASR system when using different recording environments or a slightly different accent or 

even another language. The new ARS system has two acoustic models, WUW acoustic 

model and the General acoustic models. In this study, the General acoustic model that was 

used with the new ASR system is a general English acoustic model of Sphinx-4; Sphinx-4 

has the most recent version of an HMM-based speech and a strong acoustic model the using 

HMM model with training large vocabulary [58].  

To increase the accuracy of the General acoustic model, the Sphinxtrain tool was used to 

adapt the General acoustic model with some corpora, such as TIMIT corpus that contains 

broadband recordings of 630 speakers of eight main dialects of American English, and each 

reading has ten phonetically rich sentences [62]. Also, the WUW corpus was collected from 

the speech recognition group at the Florida Institute of Technology. This corpus has two 

kinds of sentences, such as the use of the word “computer'' in alerting context is "Can you 

solve this, Computer '' and in referential context is “Computer is normally used in a 

presentation". Only the referential context was used with the General acoustic model and the 

alerting context was used to create the WUW acoustic model. Also, Speech Commands 

Dataset was used to create the WUW acoustic model. Figure 5.9 and 5.10 show how to use 

the Sphinxtrain tool with the corpus. 
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Figure.5. 9 Configration Scripet for Sphinx Trainer 

 

Figure.5. 10 Runig Sphinx-4 Trainer 
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5.5 LIBSVM library 

Support Vector Machines (SVM), which is a standard machine learning tool for 

classification, regression, and other learning tasks, uses machine learning theory to increase 

the predictive accuracy while avoiding overfit to data [13][14]. There are many tools, and 

libraries were developed for support vector machines such as Weka, mySVM, Orange, 

LIBSVM, RapidMiner, and SVM Light. In this dissertation, the LIBSVM, which has gained 

wide popularity in machine learning and many other areas, was used with the decision 

support system component to choose the best result from the decoders and acoustic models. 

[14]. LIBSVM was designed by Chih-Chung Chang, and Chih-Jen Lin and LIBSVM is a 

modern SVM library, including C-classification, v-classification, epsilon-regression, and v-

regression. Also,” it supports multi-class classification, weighted SVM for unbalanced data, 

cross validation, and automatic model selection. Also, this tool can be Connected with Java, 

Python, R, S+, MATLAB, Perl, Ruby, and LABVIEW” [14]. 

 

Figure.5. 11 Support Vector Machine - LIBSVM 
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Since Sphinx-4 has been written by Jave language, and it was selected to be the platform for 

testing the proposed ASR system, Jave LIBSVM library, which was written by Jave 

language, was used with the decision support system component to choose the best result 

from the decoders and acoustic models, as shown in Figure 5.12. Also, MATLAB LIBSVM 

library was used to draw the graphics and to compare the results, as shown in Figure 5.13. 

 

Figure.5. 12 Support Vector Machine -  Java LIBSVM   
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Figure.5. 13 Support Vector Machine - MATLAB LIBSVM 

5.6 Speech Data  

The speech Data, which is usually called corpus, is designed to provide speech data for the 

development, improvement, and evaluation of ASR systems. Many types of speech data 

were selected from various sources to develop and evaluate the new ASR system. Some 

speech data were used to create and train language models, acoustic models, and dictionaries. 

Other speech data were used to test the performance of the new ASR system with acoustic 

environments such as noise levels, speaker accents, microphone variability. The speech data 

that were used with the new ASR system are TIMIT corpus, WUW corpus, Speech 

Commands Dataset FMTIMIT corpus, the Noisy TIMIT Speech corpus, and Speech 

Commands Dataset Background Noise corpus. 
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5.6.1 The TIMIT corpus 

The TIMIT corpus of reading speech, which is a famous speech corpus, is created to provide 

speech data for acoustic-phonetic education and the development and evaluation of ASR 

systems. “TIMIT includes broadband recordings of 630 speakers of eight significant dialects 

of American English, and each reading has ten phonetically rich sentences. The TIMIT 

corpus contains time-aligned orthographic, phonetic, and word transcriptions as well as a 16-

bit, 16kHz speech waveform file for each word” [62]. Moreover, the corpus has two 

important components: the first component is training speech data that is used to generate a 

new ASR system, and the second component is testing speech data that should be unseen by 

the experiment until the final evaluation [62]. The following are some examples of TIMIT 

recordings: 

Table 5.1 TIMIT sentence-text followed by sentence type and number 

No TIMIT sentence-text followed by sentence type and number 

1 She had your dark suit in greasy wash water all year. (sa1) 

2 Don't ask me to carry an oily rag like that. (sa2) 

3 This was easy for us. (sx3) 

4 Jane may earn more money by working hard. (sx4) 

5 She is thinner than I am. (sx5) 

6 Bright sunshine shimmers on the ocean. (sx6) 

7 Nothing is as offensive as innocence. (sx7) 

8 Why yell or worry over silly items? (sx8) 

9 Where were you while we were away? (sx9) 

10 Are your grades higher or lower than Nancy's? (sx10) 

11 He will allow a rare lie. (sx11) 

12 Will Robin wear a yellow lily? (sx12) 

13 Swing your arm as high as you can. (sx13) 

14 Before Thursday's exam, review every formula. (sx14) 
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15 The museum hires musicians every evening. (sx15) 

16 A roll of wire lay near the wall. (sx16) 

17 Carl lives in a lively home. (sx17) 

18 Alimony harms a divorced man's wealth. (sx18) 

19 Aluminum silverware can often be flimsy. (sx19) 

20 She wore warm, fleecy, woolen overalls. (sx20) 

21 Alfalfa is healthy for you. (sx21) 

22 When all else fails, use force. (sx22) 

23 Those musicians harmonize marvelously. (sx23) 

24 Although always alone, we survive. (sx24) 

25 Only lawyers love millionaires. (sx25) 

26 Most young rise early every morning. (sx26) 

27 Did dad do academic bidding? (sx27) 

28 Beg that guard for one gallon of gas. (sx28) 

29 Help Greg to pick a peck of potatoes. (sx29) 

30 Get a calico cat to keep. (sx30) 

31 A good attitude is unbeatable. (sx31) 

32 It's fun to roast marshmallows on a gas burner. (sx32) 

33 Coconut cream pie makes a nice dessert. (sx33) 

34 Don't do Charlie's dirty dishes. (sx34) 

35 Help celebrate your brother's success. (sx35) 

36 Only the most accomplished artists obtain popularity. (sx36) 

37 Critical equipment needs proper maintenance. (sx37) 

38 Young people participate in athletic activities. (sx38) 

39 Barb's gold bracelet was a graduation present. (sx39) 

40 Stimulating discussions keep students' attention. (sx40) 

41 Etiquette mandates compliance with existing regulations. (sx41) 

42 Biblical scholars argue history. (sx42) 

43 Elderly people are often excluded. (sx43) 
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Figure.5. 14 The TIMIT Corpus of Read Speech 

5.6.2 The WUW corpus 

The WUW corpus that was collected from the Speech Recognition Group at the Florida 

Institute of Technology includes recordings of many speakers of different major dialects of 

English. The WUW corpus was collected from students and staff at the Florida Institute of 

Technology, containing different pronunciations and accents. The students were from 

various parts of the United States and several other countries. The entire data set is divided 

into two sentences: alerting contexts and referential contexts, such as "Electron lower the 

volume please'' is an example using word “Electron” in alerting context and “Your speed is 

very fast Electron.” is an example using word “Electron'' in referential context. The 

following are some examples of WUW recordings: 
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Table 5.2 WUW sentence-text followed by sentence type and number 

No WUW sentence-text followed by sentence type and number 

1 <s> QUANTUM PLEASE OPEN THE DOOR FOR ME </s> (MA_OMI001) 

2 <s> YOUR SPEED IS VERY FAST ELECTRON </s> (MA_OMI002) 

3 <s> OPEN THE DOOR POSITRON </s> (MA_OMI003) 

4 <s> QUARK STOP WITHIN ONE FOOT </s> (MA_OMI004) 

5 <s> PARTICLE LOWER THE VOLUME PLEASE </s> (MA_OMI005) 

6 <s> EXODUS HELP ME WITH THE DOOR, PLEASE </s> (MA_OMI006) 

7 <s> FUNDAMENTAL THIS IS A CHECK MATE </s> (MA_OMI007) 

8 <s> COMPUTER SHOW ME THE CHART </s> (MA_OMI008) 

9 <s> CAN YOU SOLVE THIS COMPUTER </s> (MA_OMI009) 

10 <s> DAVE PLAY THE MUSIC AGAIN PLEASE </s> (MA_OMI010) 

11 <s> WOULD YOU HELP ME DAVE </s> (MA_OMI011) 

12 <s> QUANTUM DO ME A FAVOR AND LEAVE PLEASE </s>  

13 <s> QUANTUM PLEASE OPEN THE DOOR FOR ME </s> (MA_SBH001) 
 

 

Figure.5. 15 The WUW Corpus of Read Speech 
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5.6.3 The Speech Commands Dataset  

The Speech Commands Dataset, which was designed by Google to improve the TensorFlow 

tool and other speech tools, includes a set of one-second wav audio files, each file including 

a single spoken English word. “These words were taken from a small set of commands and 

were spoken by a variety of speakers. The dataset included 65,000 one-second long 

utterances of 30 short words” [49]. This data was collected by thousands of various people 

who were contributed by members of the public through the AIY website. Moreover, the 

audio files are ordered into folders based on the word they contain. The data set was designed 

to train a simple ASR system. Also, the dataset was created to help building applications that 

use voice interfaces with common words like “Open,” “Stop,” “Yes,” and “No,” and 

directions included [49]. The following are some examples of Speech Commands Dataset 

recordings: 

 

Figure.5. 16 The Speech Commands Dataset 
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Table 5.3 Some examples of Speech Commands Dataset recordings [49] 

The goal was to gather examples of people speaking single-word commands, rather than 

conversational sentences, so they were prompted for individual words over the course of 

a five-minute session. Twenty core command words were recorded, with most speakers 

saying each of them five times. 

The core words are "Yes", "No", "Up", "Down", "Left" "Right", "On", "Off", "Stop", 

"Go",  "Zero", "One", "Two", "Three", "Four", "Five", "Six", "Seven", "Eight", and 

"Nine".  

To help distinguish unrecognized words, there are also ten auxiliary words, which most 

speakers only said once. These include "Bed", "Bird", "Cat", "Dog", "Happy", "House", 

"Marvin", "Sheila", "Tree", and "Wow". 

 

The ASR system performance is significantly affected, to a large degree, by acoustic 

environment conditions such as noise types, noise levels, speaker accents, and microphone 

variability. These acoustic environment conditions can affect the accuracy of the ASR 

system. To overcome this issue, the proposed ASR system was trained and tested with 

different acoustic environment conditions such as different background noise levels, noise 

types, different speaker distances to the microphone, and various speakers, to test the 

performance of proposed ASR system. For this reason, many kinds of speech corpora with 

different additive noise levels were used to examine the proposed ASR system such as Noisy 

TIMIT, Speech Commands Dataset Background Noise, and FMTIMIT. 

5.6.4 The Noisy TIMIT Speech 

The Noisy TIMIT Speech, which is a new version of the well-known TIMIT corpus, was 

designed by the Florida Institute of Technology and contained about 322 hours of speech 

from the original TIMIT Corpus that modified with different additive noise levels. Noisy 

TIMIT Speech corpus includes different noise types that have been artificially created using 

MATLAB programming such as white, pink, blue, red, violet, and babble noise. Also, the 

noise level is varied in 5 dB steps and ranges from 5 to 50 dB, and All audio files are 
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presented as single channel 16kHz 16-FLAC [42]. The following are some examples of 

Noisy TIMIT recordings: 

Table 5.4 Noisy TIMIT sentence-text followed by sentence type and number 

No Noisy TIMIT sentence-text followed by sentence type and number 

1 She had your dark suit in greasy wash water all year. (sa1) 

2 Don't ask me to carry an oily rag like that. (sa2) 

3 This was easy for us. (sx3) 

4 Jane may earn more money by working hard. (sx4) 

5 She is thinner than I am. (sx5) 

6 Bright sunshine shimmers on the ocean. (sx6) 

7 Nothing is as offensive as innocence. (sx7) 

8 Why yell or worry over silly items? (sx8) 

9 Where were you while we were away? (sx9) 

10 Are your grades higher or lower than Nancy's? (sx10) 

11 He will allow a rare lie. (sx11) 

12 Will Robin wear a yellow lily? (sx12) 

13 Swing your arm as high as you can. (sx13) 

14 Before Thursday's exam, review every formula. (sx14) 

15 The museum hires musicians every evening. (sx15) 

16 A roll of wire lay near the wall. (sx16) 

17 Carl lives in a lively home. (sx17) 
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Figure.5. 17 Noisy TIMIT Speech 

5.6.5 The Speech Commands Dataset Background Noise  

The Speech Commands Dataset Background Noise, which was designed by Google to 

improve the TensorFlow and other speech tools. To train and test a new ASR system and to 

obtain high performance, the various kinds of background noise were added to the original 

Speech Commands Dataset to use with the new ASR system. Various of these were recorded 

directly from noisy acoustic environments, such as, near running water or machinery. Also, 

the Speech Commands Dataset included a set of one-second .wav audio files that contains a 

single English word. These recording files were spoken by different speakers with noisy 

environments, and the words were from a small group of commands such as “Open,” “Stop,” 

“Yes,” and “No.” The audio files were classified into folders based on the word they contain, 

and this data set was created to improve the ASR systems by training with noisy 

environments, it can be useful to combine in realistic background audio. Also, “the 

background noise folder contained a collection of longer audio clips that were recorded using 
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different speakers or mathematical simulations of noise” [49]. The following are some 

examples of Speech Commands Dataset Background Noise recordings: 

Table 5.5 Some examples of Speech Commands Background Noise recordings [49] 

The goal was to gather examples of people speaking single-word commands, rather than 

conversational sentences, so they were prompted for individual words over the course of 

a five-minute session. Twenty core command words were recorded, with most speakers 

saying each of them five times. 

The core words are "Yes", "No", "Up", "Down", "Left" "Right", "On", "Off", "Stop", 

"Go",  "Zero", "One", "Two", "Three", "Four", "Five", "Six", "Seven", "Eight", and 

"Nine".  

To help distinguish unrecognized words, there are also ten auxiliary words, which most 

speakers only said once. These include "Bed", "Bird", "Cat", "Dog", "Happy", "House", 

"Marvin", "Sheila", "Tree", and "Wow". 

 

Figure.5. 18 The Speech Commands Dataset Background Noise 
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5.6.6 The FMTIMIT speech corpora  

The distance of a speaker from a microphone affects the ASR system performance. 

Experience demonstrates ASR systems work perfectly when a speaker is close to a 

microphone and imperfect when a speaker is far away. According to researchers, who used 

a method to detect the distance of a speaker from a single microphone in a room, the system 

performs well, especially for distances between the speaker and the microphone and in rooms 

with low reverberation [45]. In order to compare the results of the proposed ASR system 

with speakers at different distances from the microphone, the proposed system is tested with 

TIMIT and FMTIMIT speech corpora. FMTIMIT speech corpora used speakers placed at 

varying distances close to and from the recording microphone. Also, two types of 

microphones were used with the corpora. The primary microphone waveforms were 

recorded using a close-talking noise-canceling, head-mounted, and Sennheiser microphone, 

which is available from LDC on NIST Speech Disc. The secondary microphone was used in 

the recording of this corpus was a free-field microphone. 

 

Figure.5. 19 The FMTIMIT Speech Corpus 
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5.7 Conclusion  

This chapter discussed all tools that were used in this dissertation, such as Sphinx-4, 

Pocketsphinx, Sphinxbase, Sphinxtrain, LIBSVM, LmToot, and speech corpora. Sphinx 4, 

which was selected to test the new ASR system, was introduced with more information about 

its structure and components. Also, the tools that have been used to adapt and train the WUW 

and General acoustic models such as Pocketsphinx, Sphinxbase, Sphinxtrain, and LmToot 

that was used to create the language models and dictionary. Moreover, the LIBSVM tool, 

which is a library for Support Vector Machines (SVM) classification that was used the 

decision support system to help the system for making the final decision. Finally, all speech 

corpora that were used with the new ASR system were listed in this chapter. Many types of 

speech corpora that contain different acoustic environments were used to compare the 

proposed ASR system with the standard speech corpora. The new ASR system was trained 

and tested with the input speech files that include different noise types, like pink, blue, and 

babble crowd noise, and with noise levels are varying in 5 dB steps from 5 to 50 dB. Also, 

with different distances of a speaker from a microphone. Also, with several speech corpora 

that contain recordings of different pronunciations and accents.   
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Chapter 6 

WUW and General ASR 

Performance 

6.1 Introduction  

The ASR’s performance is significantly affected by a large degree with the acoustic 

environments. The acoustic environments, such as noise levels, speaker accents, microphone 

variability, can affect the accuracy of the ASR systems. Although the ASR system is trained 

by the speech corpora that have various noise levels and types, and speaker accents, those 

acoustic environments will make severe affections to the ASR system performance. In 

general, “the ASR performance is heavily degraded when the speech signal is distorted by 

unexpected acoustic noise” [64]. The ASR performance affections, due to the unexpected 

change in the acoustic environments, are analyzed in this chapter. The aim of this study is to 

develop an ASR system that can efficiently work for various acoustic environments. 

Studying the ASR performance in various types of the acoustic environments will improve 

the proposed ASR system. In order to test the performance of the new system in different 

acoustic environments, the proposed ASR system has been training and testing with different 

acoustic environments, such as different background noise levels, different speaker distances 

to the microphone, and various speakers. 

6.2 System Performance of Different Acoustic Environments 

The main goal of this study is to test the performance of the proposed ASR system in various 

acoustic environments. The proposed ASR system quality is measured by testing the 
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proposed ASR system with different acoustic environments. The results of the experiments 

are compared to confirm that the proposed ASR system can make the final decision, and the 

outcome of the system is a WUW or General with 100% accuracy (Confidence Word 100%). 

Many types of speech data were selected from various sources to train and evaluate the 

proposed ASR system. Speech data collected from different sources were used to produce 

and train the acoustic models. Other speech data were used to test the performance of the 

proposed ASR system with characteristics of acoustic environments, such as noise levels, 

speaker accents, and microphone variability. The speech data used with the proposed ASR 

system are the TIMIT corpus, WUW corpus, Speech Commands Dataset, FMTIMIT corpus, 

the Noisy TIMIT Speech corpus, and Speech Commands Dataset Background Noise corpus. 

The next section of the study discusses the performance of the proposed ASR system with 

four acoustic environments. In the first section, 6.2.1, describes testing the proposed ASR 

system with different noise types, such as door slam noise, white noise, babble noise, pink 

noise, blue noise, red noise, and violet noise. The second section, 6.2.2, describes with some 

details the performance of the proposed ASR system with noise levels that vary in 5dB steps 

and ranges from 5dB to 50dB. The third section, 6.2.3, introduces the performance of the 

proposed ASR system when the speaker is positioned far from or close to a microphone in a 

recording. Finally, the speakers of several major dialects of English are tested with the 

proposed ASR system in the fourth section, 6.2.4. 

6.2.1 Noise Types   

Many different noise types affect the accuracy of the ASR system, such as a door slam noise, 

white noise, babble noise, pink noise, blue noise, red noise, and violet noise. In this section, 

the results are discussed when the proposed ASR system is tested with a speech corpus that 

has different noise types such as the Noisy TIMIT Speech corpus and Speech Commands 

Dataset Background Noise corpus. The corpora were separated into training and testing sets. 

The proposed ASR system was tested with the speech corpora, and its performance was 

compared with the performance of the proposed ASR system when it tested with a clear 

speech corpus. Also, the proposed ASR system was tested with a speech corpus having 
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different noise types such as the Noisy TIMIT Speech corpus and Speech Commands Dataset 

Background Noise corpus.  

The first experiment was designed to test the proposed ASR system with the Noisy TIMIT 

Speech corpus, which is a new version of the well-known TIMIT corpus. Noisy TIMIT 

Speech corpus has white, pink, blue, red, violet, and babble noise. Noise types were 

artificially created using MATLAB programming. The noise level varied in 5dB steps and 

ranged from 5dB to 50dB [64]. Another noise experiment was designed to test the proposed 

ASR system with the Speech Commands Dataset Background Noise, which a set of one-

second wav audio files that includes a single spoken English word [49]. These words were 

taken from a small set of commands and were spoken by a variety of speakers. The audio 

files were classified into folders based on the word they contain. The data set was created to 

help train a simple ASR system. 

Last, the proposed ASR system was trained and tested with the input speech that was affected 

by different noise types, like pink, blue, and babble crowd noise. It became obvious that the 

proposed ASR, and all of its stages, are able to work high performance with various noise 

types.  Also, the proposed ASR system can detect the WUW with high accuracy (Confidence 

Word 100%) or General word with (Confidence Word (100%)). Figure 6.1 and Table 6.1 

show the experimental results when the new ASR system was is trained using Blue Noise 

audio. Also, Figure 6.2 and Table 6.2 show the experimental results when the new ASR 

system was tested using Pink Noise audio: 
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Figure 6.1 Using Pink Noise with the New ASR System  

Table 6.1 The score of WUW acoustic models (Score1) and the score of reverse 

WUW acoustic models (Score2) by Using Pink Noise  

Type of Word Score 1 Score 2 

1 -4.75E+07 -6.16E+07 

1 -3.47E+07 -6.57E+07 

1 -3.85E+07 -4.88E+07 

1 -4.62E+07 -2.72E+07 

1 -4.32E+07 -5.23E+07 

1 -3.44E+07 -6.68E+07 

1 -5.26E+07 -3.02E+07 

1 -4.17E+07 -5.20E+07 

1 -3.28E+07 -6.74E+07 

1 -4.37E+07 -5.19E+07 

-1 -1.87E+07 -4.83E+07 
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-1 -2.91E+07 -4.24E+07 

-1 -1.60E+07 -3.72E+07 

-1 -1.21E+07 -6.40E+07 

-1 -1.21E+07 -6.40E+07 

-1 -1.21E+08 -4.12E+07 

-1 -2.53E+07 -2.04E+07 

-1 -1.58E+07 -1.07E+08 

-1 -1.37E+07 -2.03E+07 

-1 -1.22E+07 -6.57E+07 

-1 -1.54E+07 -2.31E+07 

-1 -1.77E+07 -2.85E+07 

-1 -1.56E+07 -2.22E+07 

-1 -1.40E+07 -6.68E+07 

-1 -1.01E+07 -3.02E+07 

-1 -1.58E+07 -2.21E+07 

-1 -1.56E+07 -6.74E+07 

-1 -1.69E+07 -2.69E+07 
 

6.2.2 Noise Levels 

Noise levels impact the performances of the ASR systems. They cannot work in the higher 

noise levels but can work perfectly in the lower noise levels. According to the U.S. 

Environmental Protection Agency, Office of Noise Abatement and Control, humans can 

listen to sounds comfortably at 70 dBA or lower. It is harder for humans to listen to sounds 

at 85 dBA or higher [63]. Most noise levels, measured in decibels (dB), were adjusted to 

reflect the ear response of the listener to different frequencies of sound. As the goal of this 

study is to build an ASR system that can efficiently work with various noise levels, the 

proposed ASR system has to be trained using multiple degrees of noise. 

This section of the study describes how our system was tested with a speech corpus that has 

different noise levels, such as the Noisy TIMIT Speech corpus. The noise levels in this 

corpus varied in 5 dB steps and ranged from 5 dB to 50 dB. Based on experimental results, 

when the system was tested with different noise levels of speech data from 5dB to 50 dB, all 

stages of the proposed ASR system worked with high performance. Also, the system can 
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detect the WUW word and make the final decision if the result of word is a WUW with 100% 

accuracy (Confidence Word 100%) or General word with (Confidence Word 100%). Figure 

6.2 shows the performances of the ASR system with Babble Noise 20 dB 

 

Figure 6.2 Using Babble Noise with the New ASR System  

Table 6.2 The score of WUW acoustic models (Score1) and the score of reverse 

WUW acoustic models (Score2) by Using Babble Noise  

Type of Word Score 1 Score 2 

1 -4.75E+07 -6.16E+07 

1 -3.47E+07 -6.57E+07 

1 -3.85E+07 -4.88E+07 

1 -4.62E+07 -2.72E+07 

1 -4.32E+07 -5.23E+07 

1 -3.44E+07 -6.68E+07 

1 -5.26E+07 -3.02E+07 
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1 -4.17E+07 -5.20E+07 

1 -3.28E+07 -6.74E+07 

1 -4.37E+07 -5.19E+07 

-1 -1.87E+07 -4.83E+07 

-1 -2.91E+07 -4.24E+07 

-1 -1.60E+07 -3.72E+07 

-1 -1.21E+07 -6.40E+07 

-1 -1.21E+07 -6.40E+07 

-1 -1.21E+08 -4.12E+07 

-1 -2.53E+07 -2.04E+07 

-1 -1.58E+07 -1.07E+08 

-1 -1.37E+07 -2.03E+07 

-1 -1.22E+07 -6.57E+07 

-1 -1.54E+07 -2.31E+07 

-1 -1.77E+07 -2.85E+07 

-1 -1.56E+07 -2.22E+07 

-1 -1.40E+07 -6.68E+07 

-1 -1.01E+07 -3.02E+07 

-1 -1.58E+07 -2.21E+07 

-1 -1.56E+07 -6.74E+07 

-1 -1.69E+07 -2.69E+07 
 

6.2.3 Speaker Distances  

This section describes another method used to measure ASR systems performance. The 

distance of a speaker from a microphone affects the ASR system performance. Experience 

demonstrates ASR systems work perfectly when a speaker is close to a microphone and 

imperfect when a speaker is far away. According to researchers, who used a method to detect 

the distance of a speaker from a single microphone in a room, the system performs well, 

especially for distances between the speaker and the microphone and in rooms with low 

reverberation [45]. 

In order to compare the results of the proposed ASR system with speakers at different 

distances from the microphone, the proposed system was tested with TIMIT and FMTIMIT 

speech corpora. The tests used speakers placed at varying distances close to and from the 
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recording microphone. Also, two types of microphones were used with the corpora. The 

primary microphone waveforms were recorded using a close-talking noise-canceling, head-

mounted, Sennheiser microphone, which was available from LDC on NIST Speech Disc. 

The secondary microphone used in the recording of the TIMIT corpus was a free-field 

microphone. 

After the system was tested with the corpora, the experiment results demonstrated that all 

stages of the proposed ASR system work with high performance. Also, the result 

demonstrated the system can detect the WUW word and make the final decision if the result 

of word is a WUW with 100% accuracy (Confidence Word 100%) or General word with 

(Confidence Word100%). The following figure 6.3 illustrates the results of the experiment 

testing the system with the FMTIMIT corpus.  

 

Figure 6.3 Using FMTIMIT Corpus with the New ASR System  
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Table 6.3 The score of WUW acoustic models (Score1) and the score of reverse 

WUW acoustic models (Score2) by Using FMTIMIT corpus 

Type of Word Score 1 Score 2 

1 -4.35E+07 -5.77E+07 

1 -3.45E+07 -6.63E+07 

1 -4.72E+07 -5.85E+07 

1 -4.74E+07 -5.52E+07 

1 -3.27E+07 -6.56E+07 

1 -3.83E+07 -6.74E+07 

1 -4.33E+07 -5.35E+07 

1 -4.67E+07 -6.09E+07 

1 -3.72E+07 -6.74E+07 

1 -4.24E+07 -5.97E+07 

1 -3.72E+07 -6.18E+07 

1 -4.40E+07 -5.19E+07 

1 -3.28E+07 -6.74E+07 

1 -3.37E+07 -5.19E+07 

1 -4.24E+07 -6.28E+07 

-1 -1.42E+07 -1.75E+07 

-1 -1.37E+07 -2.91E+07 

-1 -1.40E+07 -2.24E+07 

-1 -1.55E+07 -2.71E+07 

-1 1.35E+07 -2.04E+07 

-1 -1.68E+07 -2.45E+07 

-1 -1.57E+07 -2.20E+07 

-1 -1.56E+07 -2.53E+07 

-1 -1.87E+07 -4.83E+07 

-1 -2.91E+07 -4.24E+07 

-1 -1.60E+07 -3.72E+07 

-1 -1.21E+07 -6.40E+07 

-1 -1.21E+08 -4.12E+07 

-1 -2.53E+07 -2.04E+07 

-1 -1.58E+07 -1.07E+08 
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6.2.4 Various Speaker Accents 

From its inception, the ASR system experienced many problems affecting its performance. 

The differences in a speaker’s pronunciation and accent are one of the most common 

problems of speech recognition [2]. This section focuses on testing the proposed ASR system 

with several speech corpora that contain recordings of different pronunciations and accents. 

The proposed ASR system was tested using several speech corpora containing audio files 

that collected in uncontrolled locations by users around the world. Specifically, the WUW 

corpus was collected from students at the Florida Institute of Technology containing 

different pronunciations and accents. The students were from various parts of the United 

States and from several other countries. The experiment results showed that the system can 

work with high performance efficiently, for speakers with various accents, and in all stages 

of the proposed ASR system. Also, the system can detect the WUW word and make the final 

decision when the result of word is a WUW with 100% accuracy (Confidence Word 100%) 

or General word with (Confidence Word100%). For example, the following figure 6.4 

describes the experiment results testing the system with the TIMIT corpus: 

 

Figure 6.4 Using TIMIT Corpus with the New ASR System  
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Table 6.4 The score of WUW acoustic models (Score1) and the score of reverse 

WUW acoustic models (Score2) by Using TIMIT corpus 

Type of Word Score 1 Score 2 

1 -5.24E+07 -4.71E+07 

1 -6.21E+07 -4.53E+07 

1 -4.66E+07 -5.29E+07 

1 -5.34E+07 -5.37E+07 

1 -4.86E+07 -7.56E+07 

1 -4.12E+07 -6.01E+07 

1 -3.76E+07 -3.59E+07 

1 -5.05E+07 -6.15E+07 

1 -3.72E+07 -6.75E+07 

-1 -2.01E+07 -2.01E+07 

-1 -3.86E+07 -2.38E+07 

-1 -2.93E+07 -1.18E+08 

-1 -1.82E+07 -1.02E+07 

-1 -2.40E+07 -1.80E+07 

-1 -2.12E+07 -1.58E+07 

-1 -2.65E+07 1.98E+07 

-1 -2.44E+07 -1.16E+08 

-1 -2.03E+07 -1.58E+07 

6.3 Conclusion  

The specific objective of this study is to address the stages of building a complete speech 

recognition system that can work in both WUW and General ASR systems with high 

accuracy and report the experiments that were completed to test the performance of the 

proposed ASR system. This research shows that the new ASR system can include both the 

WUW and General ASR systems and work with high, precise performance. Moreover, it can 

detect the wake-up-word (WUW) as a command with 100% accuracy. Furthermore, the aim 

of this study is to build a speech recognition system that can efficiently work in various 

acoustic environments. To test the performance of the proposed ASR system in different 

acoustic environments, the proposed ASR system was trained and tested with different 

acoustic environments, such as different background noise levels, different speaker distances 
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to the microphone, and different speakers. Additionally, many types of speech corpora were 

used in the experiments. The speech corpora were containing acoustic environments of 

different noise types such as pink, blue, and babble crowd noise. The noise levels for these 

noise types varied in 5dB steps and ranged from 5dB to 50dB. Also, different distances 

between the speaker and a microphone were used in the experiment. Additionally, several 

speech corpora contained recordings of speakers with different pronunciations and accents. 

Based on experimental results, the ASR performs well, with high quality, with high 

performance in all acoustic environments and in all stages of the proposed system. Also, the 

system can detect WUW or General word with high accuracy (Confidence Word 100%). 
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Chapter 7 

Results and Discussion   

7.1 Introduction 

This study proposes a new ASR system that can work in both the WUW and General ASR 

systems at the same time and with high accuracy. To evaluate the performance of the ASR 

system, the new ASR system was tested on different corpora selected from various sources. 

Speech data were used to create and train the acoustic models, the language models, and 

dictionaries.  Additionally, speech data were used to test the performance of the new ASR 

system with acoustic environments such as noise levels, speaker accents, microphone 

variability. The speech data used with the new ASR system are TIMIT corpus, WUW corpus, 

Speech Commands Dataset FMTIMIT corpus, the Noisy TIMIT Speech corpus, and Speech 

Commands Dataset Background Noise corpus. Also, the proposed ASR system was tested 

with all previous data.  Based on experimental results it became apparent the ASR 

performance will work with high quality for all acoustic environments and high performance 

for all stages of new system work. Also, the system can detect the WUW with high accuracy 

(Confidence Word (100%)) or General word with Confidence Word (100%). 

In this study, there are many experiments designed to test the wake-up word paradigm and 

the proposed ASR system. These experiments used different corpora containing several 

acoustic environments such as noise types, noise levels, different distances of a speaker from 

a microphone, and different pronunciations and accents. This chapter discusses the 

experiment results of the proposed ASR system with different acoustic environments. 

Section 7.1 introduces the experiment results of the WUW paradigm with Sphinx-4.  Section 

7.2. discusses the experiment results of the proposed ASR system. Section 7.3 introduces the 

performance of the proposed system with different noise types such as door slam noise, white 
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noise, babble noise, pink noise, blue noise, red noise, and violet noise.   Noise levels varied 

in 5dB increments and ranged from 5dB to 50dB.  Additionally, the speaker was positioned 

both far and close in microphone recordings. Finally, speakers using several major dialects 

of English were employed. 

7.2 The Wake-Up Word paradigm 

The first experimental was designed to test the performance of WUW paradigm with Sphinx-

4, which is the platform selected to test the proposed ASR system. In this study, there are 

several steps were followed to evaluate and test the new WUW system to ensure that the 

WUW approach is a better way to detect WUW, included in vocabulary words (IOV) with 

high accuracy and reject the non-WUW, which is out of vocabulary words (OOV).  To design 

the new WUW system and understand all WUW ASR system components, the following 

steps were taken: (1) choosing the ASR system, (2) applying the WUW approach, and (3) 

testing the new WUW system. In this study, Sphinx-4 was selected to test the WUW 

approach using various speech data that were selected from multiple sources. Also, the 

structure of WUW ASR system which was defined and investigated by Veton Kepuska and 

his team, includes 3 major components. They are (1) Front End: responsible for features 

extraction and VAD classification of each frame; (2) Back End: performing word 

segmentation and classification of those segments for each feature stream; and (3) INV/OOV 

Classification using individual HMM segmental scores with SVM [1]. Figure 7.1 shows the 

structure of the WUW approach: 
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Figure 7.1 The Structure of the WUW Approach 

After testing the new approach using Sphinx-4, some corpora, and creating two kinds of 

features, the new ASR system will be able to make a final decision based on the results of the 

decoder and the scoring of the WUW acoustic models. In first the stage, the Support Vector 

Machine (SVM) library with the WUW system was used to detect a single word or phrase 

while rejecting all other words or sounds by using both the score of WUW acoustic models 

(Score 1) and the score of reverse WUW acoustic models (Score 2). For evaluating, the WUW 

ASR system was tested with some corpus. The results of the experiment showed that the 

WUW ASR system could make a final decision if the result was an IOV word with high 

accuracy (Confidence Word (100%)) or an OOV word with Confidence Word (100%). For 

example, Figures 7.2 shows the IOV and OOV acoustic models scores:  
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Figure 7.2 IOV and OOV Acoustic Models Scores  

7.3 Improving WUW and General ASR system 

This experiment was designed to build and test the proposed ASR system. The primary goal 

of this experiment was to test how the whole speech recognition system can work in both 

WUW and General ASR systems with high accuracy and can detect the WUW as a command 

with 100% accuracy. This dissertation proposes a higher accuracy, innovative ASR system 

which is capable of working with WUW and General ASR systems.  The system will also 

solve the dominate problem of how to discriminate between the uses of a word or phrase in 

an alerting or a referential context. To create an ASR with 100% accuracy, the novel 

approach to the ASR system, described in this thesis, will use four steps to establish the 

proposed system.  The first step is modifying the Structure of General ARS System.  The 

second step is to select the best platform to test the proposed approach.  The third step is to 

simulate the WUW and General acoustic models.  The fourth step is designing a rule-based 
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system to aid the final decision. The figures 7.3 and 7.4 show that the whole speech 

recognition system can work in both WUW and General ASR systems with high accuracy. 

After testing the proposed approach with Sphinx-4 and combining the WUW and General 

acoustic models in one system, the proposed ASR system can produce two results. As it is 

producing the two results, the decision support system was designed to choose the best result 

from the decoders and acoustic models based on the results of the two decoders (Decoder 1, 

Decoder 2) and the scoring of the WUW and General acoustic models. The decision support 

system includes two stages.    The first stage is detecting WUW.  The second stage is making 

the final decision. In the detecting WUW stage, the Support Vector Machine (SVM) was 

used to detect a single word or phrase while rejecting all other words or sounds by using the 

score of WUW acoustic models (Score 1) and the score of reverse WUW acoustic models 

(Score 2). The proposed ASR system was tested with some corpora to evaluate the detection 

Wake-up-word stage.  

 

Figure 7.3 Detection Wake-Up-Word (Score 1 and Score 2) 
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In the second stage, the final decision was made based on two scores. The first score, which 

is the scoring of the WUW acoustic models (Score 1), was based on the results of Decoder 

1. The second score, which is General acoustic models (Score 2), was based on Decoder 2. 

For evaluating this stage, the proposed ASR system was tested with some corpora. After 

testing this stage, the experiment results showed the proposed ASR system could make a 

final decision with 100% accuracy (Confidence Word 100%). For example, when the WUW 

is "Computer", the final outcome is determined by three rules.   The first rule is the results 

of Decoders 1 and 2 are equal and the score of the WUW acoustic models (Score 2) is more 

than the score of the General acoustic models (Score 1).   The second rule is when the results 

of Decoders1 and 2 are different and the result of Decoder 2 is WUW, then the final outcome 

is WUW with (Confidence Word 50%) and the result of Decoder 1 is General word with 

(Confidence Word 0%).  The third rule is when the results of Decoder 2 is silence "<sil>" 

and the results of Decoder 1 is WUW or General word, then the final outcome is the result 

of Decoder 1 which is General word with (Confidence Word (100)%).  
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Figure 7.4 Making the Final Decision 
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The results of the experiment showed that the proposed ASR system could make the final 

decision.  The outcome of the system is a WUW or General with 100% accuracy (Confidence 

Word 100%).  For example, when the score of the word "Computer" has the confidence word 

50% in the first stage and the confidence word 50 % in the second stage, then the system 

will make the final decision that the word "Computer" is WUW with confidence word 100%.  

7.4 The performance of proposed ASR  

Testing the proposed ASR with an unexpected environment that was not used in the training 

process is another experiment that was designed to test the performance of the proposed ASR 

system. The main goal of this experiment is to test the performance of the proposed ASR 

system in various acoustic environments. The proposed ASR system quality was measured 

by testing the proposed ASR system with various acoustic environments. The results of the 

experiments are compared to confirm that the proposed system can make the final decision, 

and the final result of the system is a WUW or General with 100% accuracy (Confidence 

Word 100%). Many types of speech data were selected from various sources to train and 

evaluate the proposed ASR system. Speech data collected from different sources were used 

to produce and train the acoustic models. Other speech data were used to test the performance 

of the proposed ASR system with characteristics of acoustic environments, such as noise 

levels, speaker accents, and microphone variability. The speech data used with the proposed 

ASR system are the TIMIT corpus, WUW corpus, Speech Commands Dataset, FMTIMIT 

corpus, the Noisy TIMIT Speech corpus, and Speech Commands Dataset Background Noise 

corpus.  

The next section of the experiment discusses the performance of the proposed ASR system 

with four acoustic environments. The first acoustic environment includes different noise 

types, such as door slam noise, white noise, babble noise, pink noise, blue noise, red noise, 

and violet noise. The second acoustic environment includes noise levels that vary in 5dB 

steps and ranges from 5dB to 50dB. The third acoustic environment is when the speaker is 

positioned at varying distances, far from or close, to a microphone in a recording. The final 
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environment includes speakers of several major English dialects tested with the proposed 

ASR system. 

7.4.1 Noise Types 

Different noise types affect the accuracy of the ASR system, such as a door slam noise, white 

noise, babble noise, pink noise, blue noise, red noise, and violet noise. In this section, the 

results are discussed when the proposed ASR system is tested with a speech corpus that has 

different noise types such as the Noisy TIMIT Speech corpus and Speech Commands Dataset 

Background Noise corpus. To perform the test, the corpora were separated into training and 

testing sets. The proposed ASR system was tested with the speech corpora.  Its performance 

was compared with the performance of the proposed ASR system when it tested with a clear 

speech corpus. Also, the proposed ASR system was tested with a speech corpus having 

different noise types such as the Noisy TIMIT Speech corpus and Speech Commands Dataset 

Background Noise corpus.  

The first experiment was designed to test the proposed ASR system with the Noisy TIMIT 

Speech corpus, which is a new version of the well-known TIMIT corpus. Noisy TIMIT 

Speech corpus has white, pink, blue, red, violet, and babble noise. Noise types were 

artificially created using MATLAB programming. The noise level varied in 5dB steps and 

ranged from 5dB to 50dB [64]. Another noise experiment was designed to test the proposed 

ASR system with the Speech Commands Dataset Background Noise, which a set of one-

second wav audio files, each file containing a single spoken English word. These words are 

taken from a small set of commands and are spoken by a variety of speakers. The audio files 

are classified into folders based on the word they contain. The data set from these files are 

designed to help train a simple ASR system. 

Last, the proposed ASR system was trained and tested with the input speech that is affected 

by different noise types, like pink, blue, and babble crowd noise. It became apparent that the 

proposed ASR, and all of its stages, are able to work with high performance with various 

noise types.  Also, the proposed ASR system could detect the WUW with high accuracy 
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(Confidence Word 100%) or General word with (Confidence Word (100%)). Figure 7.5 

shows the experimental results, when the acoustic model is trained using Pink Noise audio: 

 

Figure 7.5 Using Pink Noise with the new ASR system  

7.4.2 Noise levels 

Noise levels impact the performances of the ASR system. They cannot work in the higher 

the noise levels but can work perfectly in the lower the noise levels. According to the U.S. 

Environmental Protection Agency, Office of Noise Abatement and Control, humans can 

listen to sounds comfortably at 70 dBA or lower. It is harder for humans to listen to sounds 

at 85 dBA or higher [63]. Most noise levels, measured in decibels (dB), were adjusted to 

reflect the ear response of the listener to different frequencies of sound. As the goal of this 

study is to build an ASR system that can efficiently work with various noise levels, the 

proposed ASR system has to be trained using multiple degrees of noise. 
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This section of the paper describes how our system was tested with a speech corpus that has 

different noise levels, such as the Noisy TIMIT Speech corpus. The noise levels in this 

corpus varied in 5 dB steps and ranged from 5 dB to 50 dB. Based on experimental results, 

when the system was tested with different noise levels of speech data from 5dB to 50 dB, all 

stages of the proposed ASR system worked with high performance. Also, the system can 

detect the WUW word and make the final decision if the result of word is a WUW with 100% 

accuracy (Confidence Word 100%) or General word with (Confidence Word 100%). Figure 

7.6 shows the performances of the ASR system with BabbleNoise 20 dB 

 

Figure 7.6 Using Babble Noise with the New ASR System  

7.4.3 Speaker Distances 

This section describes another method used to measure ASR systems performance. The 

distance of a speaker from a microphone affects the ASR system performance. Experience 

demonstrates ASR systems work perfectly when a speaker is close to a microphone and 
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imperfect when a speaker is far away. According to researchers, who used a method to detect 

the distance of a speaker from a single microphone in a room, the system performs well, 

especially for distances between the speaker and the microphone and in rooms with low 

reverberation [45]. 

In order to compare the results of the proposed ASR system with speakers at different 

distances from the microphone, the proposed system was tested with TIMIT and FMTIMIT 

speech corpora. The tests used speakers placed at varying distances close to and from the 

recording microphone. Also, two types of microphones were used with the corpora. The 

primary microphone waveforms were recorded using a close-talking noise-cancelling, head-

mounted, Sennheiser microphone, which was available from LDC on NIST Speech Disc. A 

free-field microphone was the secondary microphone used in the recording of the TIMIT 

corpus. After the system was tested with the corpora, the experiment results demonstrated 

that all stages of the proposed ASR system work with high performance. Also, the result 

demonstrated the system can detect the WUW word and make the final decision, if the result 

is a WUW word, with 100% accuracy (Confidence Word 100%) or General word with 

(Confidence Word100%). The following figure 7.7 illustrates the results of the experiment 

when testing the system with the FMTIMIT corpus.  
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Figure 7.7 Using FMTIMIT Corpus with the New ASR System  

7.4.4 Different Speakers   

The differences in a speaker’s pronunciation and accent are one of the most common 

problems of speech recognition [2].  From its inception, the ASR system experienced many 

similar problems affecting its performance. This section focuses on testing the proposed 

ASR system with several speech corpora that contain recordings of different pronunciations 

and accents. The proposed ASR system was tested using several speech corpora containing 

audio files, collected in uncontrolled locations by people from many different parts of the 

world. Specifically, the WUW corpus was collected from students at the Florida Institute of 

Technology using different pronunciations and accents. The students were from various parts 

of the United States and from several other countries. The experiment results showed that 

the system can work with high performance efficiently, with speakers using various accents, 

and in all stages of the proposed ASR system. Also, the system can detect the WUW word 

and make the final decision when the result is a WUW word, with 100% accuracy 
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(Confidence Word 100%) or General word with (Confidence Word100%). For example, the 

following figure 7.8 describes the experiment results testing the system with the TIMIT 

corpus: 

 

Figure 7.8 Using TIMIT corpus with the New ASR System  

7.5 Conclusion 

The main goal of these experiments was to build and test a complete speech recognition 

system that can work in both WUW and General ASR systems with high accuracy. This 

chapter introduced the results of experiments. The first experiment result was the WUW 

paradigm with Sphinx-4.  The second experiment result was the proposed ASR system.  The 

final experiment result was the performance of the proposed system with several acoustic 

environments such as noise types, noise levels, different distances of a speaker from a 

microphone, and different pronunciations and accents. The different noise types include 

Door slam noise, White noise, Babble noise, Pink noise, Blue noise, Red noise, and Violet 



 

122 

noise.  The noise levels varied in 5dB steps and ranged from 5dB to 50dB. Also, the speaker 

positioned far or close to the microphone used in the recording and the speakers of several 

major dialects of English. These experiments used different corpora that contain several 

acoustic environments such as TIMIT corpus, WUW corpus, Speech Commands Dataset 

FMTIMIT corpus, the Noisy TIMIT Speech corpus, and Speech Commands Dataset 

Background Noise corpus. 
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Chapter 8 

Conclusions  

In this study, the new ASR system, which is a WUW and General ASR system, was 

developed to help solve one of the biggest problems in the speech recognition, how to 

discriminate between the uses of a word or phrase in an alerting context versus a referential 

context. This study focused on the design and implementation of an entire ASR system that 

can work concurrently in both the WUW and General ASR systems with high accuracy. By 

using this paradigm, the accuracy of commands used to interact with machines, such as one 

word or an entire sentence, improved to reach high accuracy. Moreover, due to the increasing 

number of different speech commands, this model will be able to reduce the number of false 

alarms in devices and applications that use the speech commands to activate the devices and 

applications in fields such as education, medicine, personal assistant, robotics, vehicles, 

telecommunications, home automation, and security access control.  

This study proposed a higher accuracy, innovative ASR system capable of working with 

WUW and General ASR systems.  It also solved the dominant problem of how to 

discriminate between the uses of a word or phrase in an alerting context or a referential 

context. To develop the new ASR system with high accuracy, the following steps were 

carried out: (1) modifying the structure of General ARS system, (2) selecting the best 

platform to test the proposed approach, (3) simulating the WUW and General acoustic 

models, and (4) designing a rule-based system to aid the final decision. Moreover, the 

proposed ASR system is tested with different corpora, selected from various sources to 

design and evaluate the new ASR system. Some speech data were used to create and train 

the acoustic models, and dictionaries. Other speech data were used to test the performance 

of the new ASR system with acoustic environments such as noise levels, speaker accents, 
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microphone variability. The speech data were used with the proposed ASR system are 

TIMIT corpus, WUW corpus, Speech Commands Dataset FMTIMIT corpus, the Noisy 

TIMIT Speech corpus, and Speech Commands Dataset Background Noise corpus. 

Many experiments were designed to test and evaluate the WUW paradigm and the proposed 

ASR system. These experiments used different corpora containing several acoustic 

environments such as noise types, noise levels, different distances of a speaker from a 

microphone, and different pronunciations and accents. The performance of the proposed 

ASR system was evaluated with different noise types such as door slam noise, white noise, 

babble noise, pink noise, blue noise, red noise, and violet noise.  The noise levels were varied 

in 5dB steps and ranged from 5dB to 50dB, with the speaker positioned far from or close to 

the microphone used in the recording. Finally, speakers with several major English dialects 

were used in testing the system. After the system was tested with the corpora, the experiment 

results demonstrated all stages of the proposed ASR system worked with high performance. 

Also, the results demonstrated the system could detect the WUW word and make the final 

decision if the result is a WUW word, with 100% accuracy (Confidence Word 100%) or 

General word with (Confidence Word 100%).  

. 
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Appendix  

The WUW corpus 

The WUW is a speech corpus that was collected from the Speech Recognition Group at the 

Florida Institute of Technology, includes recordings of many speakers of different major 

dialects of English. The WUW corpus was collected from students and staff at the Florida 

Institute of Technology, containing different pronunciations and accents. The students were 

from various parts of the United States and several other countries. The entire data set is 

divided into two sentences: alerting contexts and referential contexts, such as "Can you solve 

this, Computer?'' is an example using word “Computer'' in alerting context and “A Computer 

is normally used in presentation.” is an example using word “Computer'' in referential 

context.  

Alerting Contexts: 

• Quantum please open the door for me 

• Open the door Positron 

• Quark stop within one foot 

• Particle lower the volume please 

• Exodus help me with the door, please 

• Computer show me the chart 

• Can you solve this Computer? 

• Dave play the music again please 

Referential Contexts 

• Your speed is very fast Electron 
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• Quantum was a name of a spaceship in Disney movie 

• Electron is a fundamental practical of a matter  

• Another particle is called Positron 

• Computer is normally used in presentation 

• Dave is one of my best friends 

The following are the WUW sentence-text followed by sentence type and number 

No WUW sentence-text followed by sentence type and number 

1 <s> QUANTUM PLEASE OPEN THE DOOR FOR ME </s> (MA_OMI001) 

2 <s> YOUR SPEED IS VERY FAST ELECTRON </s> (MA_OMI002) 

3 <s> OPEN THE DOOR POSITRON </s> (MA_OMI003) 

4 <s> QUARK STOP WITHIN ONE FOOT </s> (MA_OMI004) 

5 <s> PARTICLE LOWER THE VOLUME PLEASE </s> (MA_OMI005) 

6 <s> EXODUS HELP ME WITH THE DOOR, PLEASE </s> (MA_OMI006) 

7 <s> FUNDAMENTAL THIS IS A CHECK MATE </s> (MA_OMI007) 

8 <s> COMPUTER SHOW ME THE CHART </s> (MA_OMI008) 

9 <s> CAN YOU SOLVE THIS COMPUTER </s> (MA_OMI009) 

10 <s> DAVE PLAY THE MUSIC AGAIN PLEASE </s> (MA_OMI010) 

11 <s> WOULD YOU HELP ME DAVE </s> (MA_OMI011) 

12 <s> QUANTUM DO ME A FAVOR AND LEAVE PLEASE </s>  

13 <s> QUANTUM PLEASE OPEN THE DOOR FOR ME </s> (MA_SBH001) 

14 <s> YOUR SPEED IS VERY FAST ELECTRON </s> (MA_SBH002) 

15 <s> OPEN THE DOOR POSITRON </s> (MA_SBH003) 

16 <s> QUARK STOP WITHIN ONE FOOT </s> (MA_SBH004) 

17 <s> PARTICLE LOWER THE VOLUME PLEASE </s> (MA_SBH005) 

18 <s> EXODUS HELP ME WITH THE DOOR, PLEASE </s> (MA_SBH006) 

19 <s> FUNDAMENTAL THIS IS A CHECK MATE </s> (MA_SJH007) 

20 <s> COMPUTER SHOW ME THE CHART </s> (MA_SJH008) 
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21 <s> CAN YOU SOLVE THIS COMPUTER </s> (MA_SJH009) 

22 <s> DAVE PLAY THE MUSIC AGAIN PLEASE </s> (MA_SJH010) 

23 <s> WOULD YOU HELP ME DAVE </s> (MA_SJH011) 

24 <s> QUANTUM DO ME A FAVOR AND LEAVE PLEASE </s> (MA_SJH012) 

25 <s> QUANTUM PLEASE OPEN THE DOOR FOR ME </s> (MA_TBB001) 

26 <s> YOUR SPEED IS VERY FAST ELECTRON </s> (MA_TBB002) 

27 <s> OPEN THE DOOR POSITRON </s> (MA_TBB003) 

28 <s> QUARK STOP WITHIN ONE FOOT </s> (MA_TBB004) 

29 <s> PARTICLE LOWER THE VOLUME PLEASE </s> (MA_TBB005) 

30 <s> EXODUS HELP ME WITH THE DOOR, PLEASE </s> (MA_TBB006) 

31 <s> FUNDAMENTAL THIS IS A CHECK MATE </s> (MA_TBB007) 

32 <s> COMPUTER SHOW ME THE CHART </s> (MA_TBB008) 

33 <s> CAN YOU SOLVE THIS COMPUTER </s> (MA_TBB009) 

34 <s> DAVE PLAY THE MUSIC AGAIN PLEASE </s> (MA_TBB010) 

35 <s> WOULD YOU HELP ME DAVE </s> (MA_TBB011) 

36 <s> QUANTUM DO ME A FAVOR AND LEAVE PLEASE </s>  

37 <s> QUANTUM WAS A NAME OF A SPACESHIP IN DISNEY MOVIE </s>  

38 <s> ELECTRON IS A FUNDAMENTAL PRACTICAL OF A MATTER </s>  

39 <s> ANOTHER PARTICLE IS CALLED POSITRON </s> (MR_OMI003) 

40 <s> QUARK IS CONSTITUNENT ELEMENT OF A MATTER </s>  

41 <s> PARTICLE IS AN ESSENTIAL ELEMENT OF A MATTER </s>  

42 <s> A MASS DEPARTURE OR MIGRATION IS CALLED EXODUS </s>  

43 <s> WHAT WE ARE TRYING TO DO IS FUNDAMENTAL TO OUR </s>  

44 <s> COMPUTER IS NORMALLY USED IN PRESENTATION </s>  

45 <s> EVERY COMPUTER SHOULD HAVE A SPEAKER </s> (MR_OMI009) 

46 <s> DAVE IS ONE OF MY BEST FRIENDS </s> (MR_OMI010) 

47 <s> I USUALLY SPEND MORE TIME WITH DAVE </s> (MR_OMI011) 

48 <s> A QUANTUM IS A UNIT ENERGY OF A PHOTON </s> (MR_OMI012) 

49 <s> QUANTUM WAS A NAME OF A SPACESHIP IN DISNEY MOVIE </s>  
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50 <s> ELECTRON IS A FUNDAMENTAL PARTICLE OF A MATTER </s>  

51 <s> ANOTHER PARTICLE IS CALLED POSITRON </s> (MR_SBH003) 

52 <s> QUARK IS CONSTITUENT ELEMENT OF A MATTER </s>  

53 <s> PARTICLE IS AN ESSENTIAL ELEMENT OF A MATTER </s>  

54 <s> A MASS DEPARTURE OR MIGRATION IS CALLED EXODUS </s>  

55 <s> WHAT WE ARE TRYING TO DO IS FUNDAMENTAL </s>  

56 <s> COMPUTER IS NORMALLY USED IN PRESENTATION </s>  

57 <s> EVERY COMPUTER SHOULD HAVE A SPEAKER </s> (MR_SJH009) 

58 <s> DAVE IS ONE OF MY BEST FRIENDS </s> (MR_SJH010) 

59 <s> I USUALLY SPEND MORE TIME WITH DAVE </s> (MR_SJH011) 

60 <s> A QUANTUM IS A UNIT ENERGY OF A PHOTON </s> (MR_SJH012) 

61 <s> QUANTUM WAS A NAME OF A SPACESHIP IN DISNEY MOVIE </s> 

62 <s> ELECTRON IS A FUNDAMENTAL PARTICLE OF A MATTER </s>  

63 <s> ANOTHER PARTICLE IS CALLED POSITRON </s> (MR_TBB003) 

64 <s> QUARK IS CONSTITUENT ELEMENT OF A MATTER </s>  

65 <s> PARTICLE IS AN ESSENTIAL ELEMENT OF A MATTER </s>  

66 <s> A MASS DEPARTURE OR MIGRATION IS CALLED EXODUS </s>  

67 <s> WHAT WE ARE TRYING TO DO IS FUNDAMENTAL </s>   

68 <s> COMPUTER IS NORMALLY USED IN PRESENTATION </s> 

69 <s> EVERY COMPUTER SHOULD HAVE A SPEAKER </s> (MR_TBB009) 

70 <s> DAVE IS ONE OF MY BEST FRIENDS </s> (MR_TBB010) 

71 <s> I USUALLY SPEND MORE TIME WITH DAVE </s> (MR_TBB011) 

72 <s> A QUANTUM IS A UNIT ENERGY OF A PHOTON </s> (MR_TBB012) 

73 <s> QUANTUM PLEASE OPEN THE DOOR FOR ME </s> (MA_TSA001) 

74 <s> YOUR SPEED IS VERY FAST ELECTRON </s> (MA_TSA002) 

75 <s> OPEN THE DOOR POSITRON </s> (MA_TSA003) 

76 <s> PARTICLE LOWER THE VOLUME PLEASE </s> (MA_TSA005) 

77 <s> FUNDAMENTAL THIS IS A CHECK MATE </s> (MA_TSA007) 

78 <s> COMPUTER SHOW ME THE CHART </s> (MA_TSA008) 
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79 <s> CAN YOU SOLVE THIS COMPUTER </s> (MA_TSA009) 

80 <s> DAVE PLAY THE MUSIC AGAIN PLEASE </s> (MA_TSA010) 

81 <s> WOULD YOU HELP ME DAVE </s> (MA_TSA011) 

82 <s> QUANTUM DO ME A FAVOR AND LEAVE PLEASE </s> (MA_TSA012) 

83 <s> QUANTUM WAS A NAME OF A SPACESHIP IN DISNEY MOVIE </s>  

84 <s> ELECTRON IS A FUNDAMENTAL PARTICLE OF A MATTER </s>  

85 <s> ANOTHER PARTICLE IS CALLED POSITRON </s> (MR_TSA003) 

86 <s> PARTICLE IS AN ESSENTIAL ELEMENT OF A MATTER </s>  

87 <s> WHAT WE ARE TRYING TO DO IS FUNDAMENTAL   </s>   

88 <s> COMPUTER IS NORMALLY USED IN PRESENTATION </s>  

89 <s> EVERY COMPUTER SHOULD HAVE A SPEAKER </s> (MR_TSA009) 

90 <s> DAVE IS ONE OF MY BEST FRIENDS </s> (MR_TSA010) 

91 <s> I USUALLY SPEND MORE TIME WITH DAVE </s> (MR_TSA011) 

92 <s> A QUANTUM IS A UNIT ENERGY OF A PHOTON </s> (MR_TSA012) 

93 <s> QUANTUM PLEASE OPEN THE DOOR FOR ME </s> (MA_ATA001) 

94 <s> COMPUTER SHOW ME THE CHART </s> (MA_MMA008) 

95 <s> CAN YOU SOLVE THIS COMPUTER </s> (MA_MMA009) 

96 <s> DAVE PLAY THE MUSIC AGAIN PLEASE </s> (MA_MMA010) 

97 <s> WOULD YOU HELP ME DAVE </s> (MA_MMA011) 

98 <s> QUANTUM DO ME A FAVOR AND LEAVE PLEASE </s>  

99 <s> QUANTUM PLEASE OPEN THE DOOR FOR ME </s> (MA_NZM001) 

100 <s> YOUR SPEED IS VERY FAST ELECTRON </s> (MA_NZM002) 

101 <s> OPEN THE DOOR POSITRON </s> (MA_NZM003) 

102 <s> QUARK STOP WITHIN ONE FOOT </s> (MA_NZM004) 

103 <s> PARTICLE LOWER THE VOLUME PLEASE </s> (MA_NZM005) 

104 <s> EXODUS HELP ME WITH THE DOOR, PLEASE </s> (MA_NZM006) 

105 <s> FUNDAMENTAL THIS IS A CHECK MATE </s> (MA_NZM007) 

106 <s> COMPUTER SHOW ME THE CHART </s> (MA_NZM008) 

107 <s> CAN YOU SOLVE THIS COMPUTER </s> (MA_NZM009) 
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108 <s> DAVE PLAY THE MUSIC AGAIN PLEASE </s> (MA_NZM010) 

109 <s> WOULD YOU HELP ME DAVE </s> (MA_NZM011) 

110 <s> QUANTUM DO ME A FAVOR AND LEAVE PLEASE </s>  

111 <s> QUANTUM WAS A NAME OF A SPACESHIP IN DISNEY MOVIE </s>  

112 <s> COMPUTER IS NORMALLY USED IN PRESENTATION </s>  

113 <s> EVERY COMPUTER SHOULD HAVE A SPEAKER </s> (MR_MMA009) 

114 <s> DAVE IS ONE OF MY BEST FRIENDS </s> (MR_MMA010) 

115 <s> I USUALLY SPEND MORE TIME WITH DAVE </s> (MR_MMA011) 

116 <s> A QUANTUM IS A UNIT ENERGY OF A PHOTON </s> (MR_MMA012) 

117 <s> QUANTUM WAS A NAME OF A SPACESHIP IN DISNEY MOVIE </s>  

118 <s> ELECTRON IS A FUNDAMENTAL PARTICLE OF A MATTER </s>  

119 <s> QUARK IS CONSTITUENT ELEMENT OF A MATTER </s>  

120 <s> PARTICLE IS AN ESSENTIAL ELEMENT OF A MATTER </s>   

121 <s> A MASS DEPARTURE OR MIGRATION IS CALLED EXODUS </s>   

122 <s> WHAT WE ARE TRYING TO DO IS FUNDAMENTAL   </s>   

123 <s> COMPUTER IS NORMALLY USED IN PRESENTATION </s>  

124 <s> EVERY COMPUTER SHOULD HAVE A SPEAKER </s> (MR_NZM009) 

125 <s> DAVE IS ONE OF MY BEST FRIENDS </s> (MR_NZM010) 

126 <s> I USUALLY SPEND MORE TIME WITH DAVE </s> (MR_NZM011) 

127 <s> A QUANTUM IS A UNIT ENERGY OF A PHOTON </s> (MR_NZM012) 

128 <s> ANOTHER PARTICLE IS CALLED POSITRON </s> (MR__NZM003) 
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