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Abstract 
 

Additive Noise Subtraction for Environmental Noise in Speech Recognition 

 

Author: Noof Nour Alrouqi 

Advisor: Veton Kepuska, Ph.D. 

Nowadays, technology encourages human beings to communicate by speech via quick voice 

notes through applications on cell phones. Environmental real white stationary noises impact 

speech intelligibility, cause the underperformance of voice production, create unclear speech 

recordings, and produce a disordered voice with problematic characteristics from the 

environmental real noises. This thesis addresses noise reduction and its major challenges, 

techniques, and evaluation methods and investigates relative literature by conducting a 

systematic classification and analyses of the selected papers, thereby proposing a framework 

based on additive noise subtraction for environmental-noise speech recognition called the 

ANSESR framework, which is supported with an automated tool for estimating and reducing 

the environmental noises and producing high-quality speech signals. The framework 

contains four main sequential stages. First, the prepossessing speech signal stage uses the 

Hamming window technique. Second, the speech enhancements stage uses the spectral 

subtraction (SS) technique and additive white Gaussian noise (AWGN) channel. Third, the 

feature extraction stage uses the Mel frequency cepstral coefficient (MFCC) technique. 

Fourth, the template matching stage uses the dynamic time warping (DTW) technique. In 

the experiment, the environmental noisy signal input is used based on assuming different 

levels of the signal-to-noise ratio (SNR) through segmentation of the input signal into short 

frames to cope with very short sounds to produce denoised signals, AWGN signals including 

different levels of the SNR, and enhanced signals. Through the feature extraction, the short-

term speech analysis is obtained based on the discrete cosine transform (DCT) domain. The 

framework validation relies on a single mean template based on the DTW technique, 
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obtaining 98.5179 % of the average recognition accuracy rate. Thus, the results show optimal 

matching paths during the mean scores that refer to the recognition rates for providing the 

high utterance of the disordered speech. 
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Chapter 1: Introduction 
 

1.1 Introduction 

In the last decades, speech recognition has been executed by many researchers with 

contributions to natural human-machine interaction. The achievements a century ago began 

with programming machines that recognized human interactions, and it has been a big 

challenge for machines to realize human voices accurately as much as how people 

communicate with each other [1]. In the period of 1960s to 1970s, automatic speech 

recognition gained great attention among people in different applications such as posters for 

famous movies [1]. In 1990s, call center applications were used between employees and 

business clients [1]. In 2011, Apple produced Knowledge Navigator as a speech recognition 

technology for an intelligent voice-enabled interface (VEI), a multimodal user interface 

(MUI), and a speech user interface (SUI) [1]. Presently, several well-known technologies of 

automatic speech recognition such as Amazon Alexa, and Apple’s Siri were developed for 

serving the user demands in smartphone applications. 

Nowadays, speech recognition significantly plays a massive role in enhancing 

communication through applications between humans. The quality and intelligibility of 

recognition of the data from the speech with noises have a dramatic challenge recently. In 

speech processing applications, large vocabularies in different languages are investigated to 

eliminate noisy environments, which lead the researchers to investigate improving the 

performance by noise reduction methods, algorithms, and models [2]. Researchers presented 

models, techniques, and frameworks for automatic speech recognition and communication 

improvements in several applications between human-human communication and human-

machine communication. N-gram models, such as the Hidden Markov models (HMMs), are 

examples of language models (LMs), and Mel frequency cepstral coefficients (MFCC) 

improve the process of realizing human voices [3].   

Generally, noise reduction is considered a process for altering input signals by eliminating 

the noises derived from the variation of the power of the noise between the input and output 
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[4]. The goal is to enhance the implementation and accuracy of the signals in the 

communication systems. The execution of the noise reduction process using algorithms in 

real-time portable systems such as hands-free kits, cellular phones, and hearing aids aims to 

determine the need for enhancing a natural signal. The characteristics of noisy environments 

plays a large role in measuring the complexity of noisy signals through noise reduction 

algorithms [5]. 

1.2 Problem Statement  

People send voice messages that are quicker than text messages. These messages contain 

voice notes that sometimes include environmental real white stationary noise by sound 

transmission properties related to microclimates like rain and wind. In addition to the 

machines noises that used by humans such as air conditioners, and fans noise [6], [7]. The 

majority of recording voices embedded with background noises in different level of noise 

estimation which hinder the quality of understanding the clean content of the given recording 

voices [8], [9]. 

Negatively, noises affect the process of identifying and optimizing speech recognition (SR) 

[3], [5], leading to an unsatisfactory impact on the quality of speech signals [10], [11]. In a 

practical way, separating the input and the environmental noises to dispense the noise from 

the recording speech in different levels of signal-to-noise ratio (SNR) is difficult [10], [12] 

[13]. The challenge is defined according to the hardness of conducting a relationship between 

the segmented preprocessed input signals including environmental stationary noise and 

AWGN [14], [15].     

1.3 Objectives 

This thesis aims to enhance the process of producing clean speech from the noisy recordings 

using Hamming window, spectral subtraction (SS), Mel frequency cepstral coefficients 

(MFCC), and dynamic time warping (DTW), which contribute to the limitations of single-

channel speech in short-time for identifying the clean speech from environmental noises. 

Several objectives are shown below: 
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i. Demonstrating the speech recognition techniques in the process of identifying 

clean speech from noisy recordings, 

ii. Increasing the effectiveness of identifying clean speech based on SS and DTW 

techniques, 

iii. Improving the processes of estimating speech variations corrupted by 

background noises. 

1.4. Proposed Solution 

This section presents a new framework of Additive Noise Subtraction for Environmental-

Noise in Speech Recognition (ANSESR) for speech identification and noise reduction to 

enhance speech signals from the environmental stationary noise [9], [15].  By investigating 

the enhancements in different levels of SNR to produce high intelligibility of speech 

supported by the feature extractions and template matching to guarantee a higher level or 

performance investigations. The basic framework including stages and processes that used 

to produce a high quality of clean speech based on four sequential stages: preprocessing the 

speech signal, speech enhancement, feature extraction, and template matching as shown in 

Fig. 1. 
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Fig.  1. The proposed simple ANSESR framework. 
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This simple proposed framework began with the input of a speech signal destroyed by 

stationary environmental white noise, and a template of clean speech signals recordings files 

in wav format. According to the problems in signals like the nonstationary, speech 

recognition processes begin with the stage of processing the input of noisy speech signal 

using the framing speech signal (FSS) and Hamming window technique for decomposing 

the speech signal before analyzing. In the FSS, it is assumed that the speech signal is 

stationary into short time frames (30 ms) that overlapped with 50% overlapping region 

ranges of the adjacent frame size (15 ms). Then, these frames are analyzed by windowing 

techniques. The Hamming window technique is used for decreasing the distortion of the 

spectral and eliminating the discontinuity of the frame edges [16], [17]. 

After that, speech enhancement stage has three processes for reducing the noise and avoiding 

speech distortion are significantly impactful on the quality of the speech signal. The spectral 

subtraction (SS) technique is applied twice for eliminating background noise which are real 

noise (the environmental white noise) and simulated noise the additive white Gaussian noise 

(AWGN) channel, assuming that the background noise is stationary and uncorrelated and 

additive to the speech signal [5], [10]. The three process are applied to obtain quality 

enhancements of the signals  

Furthermore, features extraction stage based on Mel frequency cepstral coefficients (MFCC) 

technique is used to represent a relative minimized data rate and identify the essential 

characteristics of speech after conducting the signal processing and speech enhancement are 

estimated parameters resulted from obtaining the utterance properties during the speech 

signal. The MFCC technique is widely used to analyze the signal of the speech using filter 

bank which works for measure human sound pitch within the Mel-scale. In speech 

recognition (SR), an acceptable classification is determined from a high quality features [18], 

[19], [20]. 

Once the desired features are produced, the DTW technique is used for the template matching 

classification stage to calculate the correlation between the two-time series and find the 

optimal matching path called the warping path based on minimum distance measuring. 
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Moreover, the local distance is called the Euclidean distance, which is used to calculate the 

absolute distance between two points [21], [22].  

1.5. Proposed Evaluation Technique 

Template matching (TM) based on dynamic time warping (DTW) is used as a classifier to 

match the Test template to the reference template and compare the similarities between the 

input of the enhanced speech after the noises is reduced with a template of clean speech 

recordings [22]. The classification stage includes two steps: training and testing. Through 

template matching, the training step includes all the comparison data that are saved in two 

separate templates. In the testing step, the distance is normalized according to a percentage 

of the recognition rate to evaluate the performance of the proposed framework. The findings 

of high recognition rates with the disordered voices indicate the correct utterance voice of 

the speech recordings [20], [21], [23].  

1.6. Thesis organization  

This thesis begins with an introduction of the speech recognition in chapter 1. Then, in 

chapter 2, a basic knowledge of speech recognition and environmental noise, and the 

challenges, techniques, and evaluation techniques of previous studies of speech recognition 

in noisy environments are reviewed. In chapter 3, the theory of the proposed speech 

recognition, speech enhancement, feature extraction, and the classification stage of the ASR 

is explained. In chapter 4, the experimental results of the proposed ANSESR framework are 

discussed. Finally, in chapter 5 the thesis is summarized 
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Chapter 2: Literature Review 

 

2.1 Overview 

This chapter presents the background of historical data, concepts, challenges, techniques, 

and evaluation methods from the recently gathered research papers that were relevant to the 

thesis contributions in addition to a structural analysis of the gathered relevant papers based 

on Table 1 a schema of comparisons. 

2.2 Background 

 This section presents the speech recognition (SR) demands of end-users and developers 

from different perspectives, the architecture of SR, characteristics of environmental, 

simulated noises, and challenges of SR in different sources of noise. Besides, presents the 

types of noises that impact the hearing of human activities, animals, and the environment. 

2.2.1 Speech Recognition Demands  

Regarding the end-user demands, several speech recognition perspectives are available in 

terms of investigators tools; the investigations use algorithms for speech recognition and 

noise reduction when someone in danger or in noisy environments is recorded to investigate 

the voice speaker files that need to be filtered. In terms of end-user demands, there are a 

number of healthcare problems such as sick people who have difficulties with speaking 

because of laryngeal cancer [8]. Regarding the developer demands, with a few speech 

recognition perspectives in terms of speech recognition accuracy (authentication), there are 

demands to measure the similarity between the recorded noisy voice files and the 

enhanced/clean voice files in the time series. In terms of speaker rights, processes to measure 

the similarity between corrupted speech with clean speech are available. 
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2.2.2 Architecture of Speech Recognition (SR) Systems  

Signal processing is a module used for extracting speech signal feature vectors for a decoder, 

which produces the maximum backward probability of the word sequence for the input 

feature vectors using acoustic models and language models. Signal processing improves the 

obtained performance by producing information to adaptation elements to edit acoustic or 

language models. Fig. 2 illustrates the basic architecture of the Automatic Speech 

Recognition System. The decoder is concerned with the elements’ adaptation in the system. 

The acoustic model is concerned with the relationship between phonetics, speech signals, 

environment, and variations in microphone and speakers. The language model includes 

lexical, grammatical complexity features. In several spoken languages are various speaking 

styles of individual speakers [24]. ASR methodologies have three classification approaches, 

which are the pattern-recognition, acoustic phonetic, and artificial intelligence approaches; 

the accuracy of the ASR system performance is calculated by Word Error Rate (WER %) 

[3]. 

 

Fig. 2. Basic Architecture of the Automatic Speech Recognition System [25]. 
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2.2.3. Speech Recognition Characteristics  

Many parameters characterize the capabilities of Automatic Speech Recognition 

(ASR) systems. These characteristics determined the operational range of each 

speech recognition system. This section presents different cases of speech 

recognition characteristics as given, The mode of speaking characteristic like an 

isolated word to continuous speech. The speaking style like reading speech to 

spontaneous speech. speaker-dependent, and speaker-independent. The constraints 

of the selected language model are used to produce the word occurrence probability 

after word arrangement. The number of vocabularies ranges from small, which is less 

than 100 words, to large, which is more than 10,000 words [3], [15]. The transducer’s 

mode is like a noise-cancelling microphone to cell phones. The channels’ 

characteristics impact the signal range by the processes of converting from single 

channel to multiple transmission channels and from a plain connected microphone to 

telephone channels [3], [16]. 

2.2.4. Challenges of Speech Recognition  

There are different sources of noise that affects the processes of conducting speech 

recognition like environmental noise, talkers, and listener's hearing abilities. Listeners have 

been facing difficulties from hearing the intelligible speech upon a dramatic increase of noise 

either it is fluctuating or steady noises. It is clear that there are associations between the 

parameters of variability across studies such as age, sex, number of talkers with the speech-

in-noise tests [12]. According to that, the covered noise called Masking Noise (MN) which 

is the ambient noise with the capability of covering it up. It classified as either steady noise 

or fluctuating noise. The steady noise masker is mostly used for auditory stress testing. In 

this type of noise, the task of the "speech-in-noise test" plays a role in capturing the 

challenges of patients in the real-world [12]. 
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2.2.4.1 Environmental Noise 

Widely, the two main types of noise are stationary and nonstationary [6], [12]. Stationary 

noise whose spectrum constant time and nonstationary noise have shaped through the 

changes over time [26]. The stationary noise is estimated from the silence periods on the 

speech signal, and its spectrum does not noticeably occur with time. The estimation of 

nonstationary noise is not applicable to that regarding real-time speech with unexpected 

acoustic characteristics. The environmental noise means it is unwanted, undesirable, or 

harmful sounds that are either produced from human activities or nature like air, rain, or 

wind. Environmental noise is considered an important challenge impact humans' or animals' 

ears [6], [27]. Two typical types of noises decrease speech in noisy environments: are steady 

and fluctuating noises. The steady (or stationary) noise has constant spectral and temporal 

characteristics during the time. The spectral content of the steady noise probably masks the 

speech more than other types of noise [12]. Examples of steady noise include the white noise 

of fans, air conditioners, and machine engines [6]. White noise is considered a stationary 

time series (TS) of identical and independent random variables [28].  

The fluctuating (or nonstationary) noise significantly and quickly changes its levels and 

spectral characteristics during the time. It spreads in the environment more than other type 

based on human experiences and actions; for example, car noises, traffic, conversations, 

wind, cafeterias, restaurants, and construction activities [6]. Fluctuating noise has two main 

characteristics., first, the change in the variability of spectral fluctuation means that the noise 

frequency can be changed across time. In an obvious manner, the variation of noise sound 

levels leads to fluctuating noise such as increasing car acceleration. Second, the change in a 

temporal envelope means the overall noise level changes over time, like the changes in the 

sound level of a passing car. The noise echo in a room is an example of a temporal variation, 

too [12].  The fluctuation noise reduces speech intelligibility more than steady noise since it 

has a lower SNR. The signal to noise SNR of fluctuation noise has been measured with a 

negative value below -5 dB SNR [29], whereas the SNR of the steady noise has been tested 

at both positive and negative fixed levels of SNR at 25dB level to -12dB level [29], [30]. For 

instance,  the steady noise case for normal-hearing listeners is around the 5 dB level of the 

SNR while the impaired-hearing listeners observed the steady noise at about 1 dB [29]. 
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2.2.4.2 Additive White Gaussian Noise 

The additive white Gaussian noise (AWGN) channel is considered the most popular noise 

example  modeled as a background noise, in which the background noise is added on 

the channel in normal distribution for enhancing the speech degraded noises, 

resulting in an effective reduction of the background noise and a high increase of the 

speech quality [5], [14], [31], [32], [33]. In communication systems, the transmitted 

signals are usually assumed to be corrupted by some type of noise. To model a 

degraded signal by noise, a signal must be given as continuous random variables, 

where the noise component is added to the transmitted signal on the channel [5], [14]. 

The AWGN channel is used for simulating the effects of multiple random processes 

that appear in the environment. The additive of an AWGN channel shapes the process 

of adding the white Gaussian noise to existing noise. The characteristic of white 

noise, a flat density of the power spectral means as denoted as a constant power over 

frequencies, follows the normal distribution using the AWGN [35], [36], [36]. The 

AWGN is practically used as a model in communication systems. To obtain reliable 

communication systems,  limiting the signal-to-noise ratio (SNR) to a specific scale 

is required  [31], [37].  

In 2019, Chisab [38] utilized the AWGN channel for reducing power consumption 

in a wireless sensor network (WSN). It worked several times without considering the 

power dissipation. The author showed numerical results of the power declining at 

different parameters on an existing noise joint with different types of modulation. In 

2018, Thimmaraja et al. [33] proposed a new method for processing speech signals 

corrupted by environmental noise in order to build a robust automatic speech 

recognition (ASR) system. The experimental results dealt with an input clean speech 

signal that degraded by various noises with AWGN to present better intelligibility 

and enhanced quality of speech. In 2012, Kadampot et al. [39] further researched the 

problem of reconciling the tension between diffuse and sparse signaling and 
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presented a solution based on a coding scheme for covert communication over the 

AWGN channel to achieve converted capacity with low-complexity error-control 

codes.  

The characteristics of white noise are given by a time series created by random 

variables. They are distributed with a zero mean and identical variance (μ =  0, σ2) 

[28], [33], [37], [40]. The Gaussian white noise is a strict stationary noise and 

uncorrelated (μ = 0, σ2 = 𝑐𝑜𝑛𝑠𝑡𝑎𝑛𝑡) (Fig. 3).  

 

 

 

 

 

Fig. 3. The Gaussian white noise [28]. 

The Gaussian channel is defined as a time-discrete channel independent and 

identically distributed, uncorrelated to the transmitted signal (Fig. 4). 

 

Fig.4. The Gaussian Channel [31], [32]. 
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2.3 Noise Estimation 

Estimation of the noise levels is considered the critical step that impacts the performance of 

speech recognition outputs [30]. Voice activity detection (VAD) is a simple approach for 

estimating and updating levels of noise during the silence segments  [30]. A high signal-to-

noise ratio (SNR) means that there is a huge difference between speech and noise through 

the VAD. In environmental noise, in SNR below 5 shows an easily corrupted signal [18]. 

Commonly used techniques for VAD  are linear prediction coding (LPC), zero crossing rate 

(ZCR), and short-time energy levels [41], [42]. In short--time energy levels, the amplitude 

of speech signals is changed over time. In addition, the amplitude of voiced signals is higher 

than the amplitude of an unvoiced signal [43]. The stability characteristic is considered the 

main element in the speech signal processing, for human vocal cords are stable only for a 

short time. Generally, framing speech into segments is based on a stationary 30 millisecond 

(MS) frame and a frame that overlaps 50% along the speech signal. To consider a stationary 

noise, the time domain in the process of dealing with the slice speech into short windows is 

framed [41].  

2.4 Noise Reduction  

The noise reduction (NR) or speech enhancement (SE) method is needed for signal 

processing to eliminate noise robustness in speech recognition and decrease listening fatigue. 

In 2016, Xia et al. defined NR as the variation between the power of the input and output 

noises, adding that the capacity of NR becomes stronger when the value of the variation is 

higher. Different types of noise have corrupted the recordings of the speech or speech signals 

in communication systems. The NR or SE method aims to reduce noise without corrupting 

speech to develop speech intelligibility. The issue of NR, which has attracted the attention 

of researchers, has been solved by using different noise reduction techniques based on 

adaptive filtering, transform domain techniques, and model-based methods [4], [5]. 

2.4.1 Noise Reduction Challenges  

In 2020, according to El-Moneim et al. [15] the robust speaker recognition (SR) systems are 

degraded by noise. The authors demonstrated that the noise reduction in the speaker 
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recognition rate is estimated by a performance metric to evaluate the behavior of the systems. 

They met challenges in the existence of noise in terms of the feature’s extraction. In 2019, 

Cao, Chen, and Gao [10] contributed to dealing with music noise and filtering delay 

problems in noise reduction algorithms.  The high average of noise intensity produces less 

clean speech during noise reductions. The authors tried to reduce the average of noise 

intensity significantly to obtain better findings. The noise remained in the speech signal after 

applying noise reduction methods, impacting the reduction of the remaining noise for a better 

noise reduction effect. Moreover, Siam et al. [11] argued that the performance of speaker 

identification (SI) systems suffered from exciting noise, causing a high decrease in the 

recognition rate, which enhanced the speech signal quality before the SI process. Moreover, 

the authors tried to improve the speaker recognition rates of a speaker identification system 

from degraded speech. In 2017, Inbanilal and Krishnakumar [8] investigated the problem of 

a substitution voice, which is considered the disordered voice among human beings. 

Enhancing the quality of a substitution voice that is produced by the ALT linked directly 

with the excitement of the radiated EL (DREL) noise is challenging. In 2011, Verteletskaya 

and Simak [5] argued the problem of the performance of spectral subtraction of the speech 

corrupted by broadband noise. Mainly, they focused on decreasing speech identification 

from musical noise. The speech integrability and background noise were considered 

challenging in the process of modification of the spectral subtraction technique. 

2.4.2  Environmental Noise Reduction challenges 

In 2019, Yadava and Jayanna [33] denoted the degraded speech signal under environments 

of uncontrolled noises. They summarized the degraded speech signals given by musical and 

babble noises. In 2018, Umamaheswaria and Akilab [44] argued about the problem of the 

low-quality signal in the presence of Environmental noises, which are negatively affected 

the quality of speech recognition and speech enhancement.  

In 2016, Kim et al. [45] specified the existence of environmental noise embeddings through 

robust speech recognition, where noise was embedded on three different databases, RM, 

CHiME-3 task, and Aurora4. The process of training sets was expanding more than the test 
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set especially on the acoustic operations that were supported by helpful information to 

conduct the testing controls. 

2.4.3 Noise Reduction Techniques 

Speech recognition processes begin with preprocessing the input speech signal using the 

framing speech signal and windowing techniques to decompose the speech signal before 

analyses. The Hamming window technique is considered as a technique for short time signal 

preprocessing. The signals have natural problems like non-stationarity since speech signals 

have different sounds change along with the speech of a talker. 

Framing signals into stationary segments plays a vital role in signal processing. Framing is 

used for spectral evaluation in only a stationary signal, in which the signal is segmented into 

short-time stationary frames (30 ms) and overlapped with 50% ranges of an adjacent frame 

(15 ms). The windowing technique is used for the digital filter designing process on the 

analyzed frames. The Blackman window, rectangular window, Hanning window, and 

Hamming window are the most common types of windowing [16], [17].  

For instance, the hamming window technique is used for decreasing the distortion of the 

spectral and eliminating the discontinuity of the frame edges [16], [17]. Moreover, for 

decreasing the maximum (nearest) sidelobe [46] to present an optimized window provides 

strong weight to points in the center and narrows the window edges (fig. 5) [16]. The 

Hamming window contains a single function called the window function, which deals with 

a zero value or less and an empty array [17], [46], [47]. 
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Fig. 5. Hamming window [16].  

Spectral subtraction (SS) is a technique for enhancing speech signals corrupted by either real 

environmental or simulated noises, resulting in an improvement of the speech intelligibility 

in robust speech recognition and speaker identification systems [5], [9], [10]. To eliminate 

the unwanted noise components, the SS technique assumes that the noise is additive and 

uncorrelated to the degraded speech signal, where the input signal is segmented into the same 

length of frames [13], [48]. Two basic components in the implementation of speech 

enhancement are the noise power spectrum estimation and speech estimation. The noise 

power spectrum estimation is considered a critical component of speech enhancement in the 

frequency domain. The estimation of the average noise spectrum is required in most 

algorithms of single-channel speech enhancement systems [5]. 

Estimation of the noises involves identifying the noise spectrum and the density of the noise 

power spectral that could not be accurately identified. Therefore, the noise components are 

reduced from silence periods of the corrupted signal because the noise spectrum cannot be 

calculated precisely [9], [33]. The input signals represented in the time domain are illustrated 

in short time discrete transform (DFT) magnitude by converting the input signals to the 

frequency domain to determine the amplitude of the noise and phase spectra [10], [48].  

To estimate noise efficiently and remove it from the silence frames, the SS technique is 

supported by a voice activity detector (VAD) for evaluating and updating spectral noise 

components by assuming that the noise is short-term stationery [5], [9], [10]. The subtraction 
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extent of the SS technique varies by applying a scaling factor whose value must be selected 

carefully to avoid the distortion of the signal and the musical noise [5], [44].  

After subtraction by applying α, the amplitude spectral can be either positive or negative. To 

reduce the amplitude of negative components, using full wave editing (absolute value), the 

(α) root is extracted to provide corresponding Fourier amplitude components. The inverse 

fast Fourier transform (IFFT) function is obtained from the Fourier transform unit to provide 

the phase component φ directly [9], [10], [48], [49], [50]. In the IFFT function and overlap-

add are used to rebuild the obtained denoised speech signal in the time domain. Fig. 6 

represents the basic block diagram of the SS technique [5].  

The SS technique has some limitations such as the impossibility of processing nonstationary 

noises, where the process of estimating and updating noises in the frames does not work in 

non-stationary noise cases due to the changes of noise powers even over speech activity. 

Second, musical noise is the main drawback of the SS technique due to its non-stationarity 

spectrum in short time frames [11]. Third, the performance of the SS technique is dependent 

on VAD estimation accuracy of the performance of detecting noise from silent frames. The 

VAD and the SS technique performances degrade dramatically at a lower SNR [9]. In 2018, 

Renz et al. [29] declared that signals are easily corrupted by environmental noise when the 

SNR is below 5 dB. 

 

Fig. 6. The basic block diagram of the SS technique [5]. 
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Mel frequency cepstral coefficients (MFCC) is a technique of feature extraction to represent 

a relative minimized data rate. MFCC identifies the essential characteristics of speech after 

conducting the signal processing and speech enhancement. The MFCCs are the estimated 

parameters that result from obtaining the utterance properties during the speech signal [18], 

[21], [51]. In SR, an acceptable classification is determined from high-quality features. The 

MFCC technique relies on short-term analysis, where the vector of MFCC is computed from 

each frame. First, initial coefficients obtain the highest frequency response of sound 

identification based on the formants and the spectral enveloping to consider 13 as the number 

of coefficients per frame. Second, adding energy to the frame to produce the Δ Δ MFCCs 

demonstrates the change in the acceleration of the spectral envelope information between 

the frames [25].  

The MFCC technique is used to extract user utterance features and represent the desired 

feature numbers of the input segmented signal on the discrete cosine transform (DCT) 

domain [11], [18], [19], [20]. The DCT is supported by a filter bank to use the short-time 

energy of the Mel scale frequency, where M is the coefficient length of the Hamming 

window and the window is overlapped by 50% of each frame. Fig. 7 is shown the basic block 

diagram MFCC technique [51]. 

 

Fig. 7. The basic block diagram MFCC technique [51]. 

2.4.4 Noise Reduction Evaluation Techniques   

In 2017, Inbanila and Krishnakumar [8] denoted the problem of the disordered voice among 

human beings produced from ALT speech with the presence of EL (DREL) noise. They 

estimated and stored the HE and the ALT speeches by using linear prediction cepstral (LPC) 

coefficients on templates. For evaluating their proposed system, they used template matching 
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based on the DTW technique to find the least distance between the training and testing data 

using the Euclidean distance equation. Using template matching resulted in recognizing the 

correct utterance. 

Several techniques for the NR evaluation are used after the data of the speech enhancement 

are produced. Dynamic Time Warping (DTW) is one technique of the evaluation, which was 

relayed on the template that matches the classification processes. The DTW technique 

compares the templates and feature vectors and calculates the correlation in time series. This 

technique also finds the optimal matching path, which is called the warping path based on 

minimum distance measuring. The DTW demonstrates as a global distance where a local 

distance called the Euclidean distance, which is used to calculate the absolute distance 

between two points [20], [21], [22], [23]. 

The DTW is an efficient technique for measuring similarities based on template matching in 

which the comparison is often in the time variation. In Fig. 8, the comparison between the 

basic time alignment and the DTW technique, where (a) represents the basic time alignment 

between two series while (b) shows the DTW technique to achieve the efficient time 

alignment [52]. 

 

Fig. 8. (a) The basic time alignment (b) the DTW technique [52]. 
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The output of the time alignment based on the DTW is a matching path, also called a warping 

path. The values of the warping path are the distance between the compared two sequences. 

The minimum distance is measured by the Euclidean distance to find the best match between 

the two sequences in the grid. When the two matching sequences are similar, a smaller 

warping path is produced. Fig. 9 shows the scatter path between two matching sequences 

with the DTW technique [52].  

 

Fig. 9. The scatter path between two matching sequences with the DTW technique [52]. 

2.4.5 Noise Reduction Literature analyses 

Table 1 investigates the nine relevant researches that classified using a systematic 

classification schema [53], [54] based on the dataset, problem statement, techniques, results, 

and evaluation methods. 
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Table 1 Relevant types of research systematic classification analyses 

Ref. Dataset Problem statement Techniques Results Evaluation 

methods 

[5] Noisy signal 

contains 

musical 

noise. 

The performance of 

SS at the speech 

corrupted by 

broadband noise. 

Modified Spectral 

Subtraction. 

Reducing the 

spectral excursions 

of noise peaks at the 

musical noise. 

Segmental 

signal-to-

noise ratio 

(SSNR). 

[8] 70 samples 

of Healthy 

(HE) and 

ALT 

speeches.  

A disordered voice 

among the human 

beings 

Non- Linear 

Spectral 

Subtraction 

(NLSS), Linear 

Prediction Cepstral 

coefficients (LPC), 

Dynamic Time 

Warping (DTW). 

Optimizing the 

quality of 

substitution voice 

produced by 

artificial larynx 

transducer (ALT) 

NLSS 

Technique 

Linear 

Prediction 

Cepstral 

coefficients 

(LPC)  

[10] Music noise. Dealing with music 

noise and the 

filtering delay 

problems in noise 

reduction 

algorithms.  

The least mean 

square adaptive 

filter, and spectral 

subtraction 

(LMSSS). 

Reducing the 

average intensity.  

Reducing the 

remaining noise. 

Comparison 

in recognition 

rate and 

accuracy rate.  

[11] 50 speakers 

spoken 4 to 

12 seconds 

of speech 

sentences.  

The noise effects the 

performance 

negatively on 

Speaker 

Identification 

systems (SI). 

Fourier series 

expansion, spectral 

subtraction,  

Mel Frequency 

Cepstral 

Coefficients 

(MFCCs), Vector 

Quantization (VQ) 

A novel speech 

enhancement 

approach for Robust 

Speaker 

Identification. 

Recognition 

rates of the 

speaker 

identification 

system  

[15] 80 speech 

samples of 

specific 

sentence. 

Noise reduction in 

speaker recognition 

rate.   

Discrete Transform 

Domains, Adaptive 

noise canceller 

(ANC), Savitzky-

Golay (SG) filter, 

Artificial neural 

networks (ANN) 

A success of the 

ANC and the SG 

filters compared to 

the spectral 

subtraction and the 

hybrid methods. 

Recognition 

rate compared 

with different 

transforms by 

SNR. 

[44] Speech with 

the presence 

of noise in 

the 

background.  

The presence 

environmental 

noises decrease the 

quality of speech 

recognition and 

speech enhancement  

Time Delay Neural 

Network Spectral 

Subtraction 

(TDNN-SS) 

Reducing 

background noise 

leading to improving 

the quality of speech 

signals, reducing 

speech recognition 

error rate 

Artificial 

neural 

networks 

(ANN) 

[45] Noise 

embedded on 

Environmental noise 

embeddings. 

A novel noise 

adaptation 

approach based on 

Improves speech 

recognition accuracy 

in noisy and highly 

WERs 

Comparison 

between the 
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different 

databases,  

Deep Neural 

Network (+N-

DNN) 

reverberant 

environments  

built six 

different 

systems  

[19] Noisy speech 

and F16 

noises were 

added at 

different 

(SNR) levels 

to ten Hindi 

digits spoken 

in clean 

environment.   

Environmental noise 

deceases the 

effectiveness of the 

automatic speech 

recognition system.  

Spectral 

Subtraction (SS), 

Minimum Mean 

Square Error 

(MMSE) 

estimation band, 

Mel Frequency 

Cepstral 

Coefficient 

(MFCC), Hidden 

Markov Model 

(HMM) 

KSS technique, 

MMSE Cohen and 

MMSE Cohen log 

for speech 

recognition at lower 

SNR levels and at 

higher SNR levels 

respectively for both 

noises 

Hidden 

Markov 

Model 

(HMM) 

[33] Speech data 

collected 

under 

uncontrolled 

noise 

environment. 

The degraded 

speech signal under 

uncontrolled noise 

environment 

Spectral 

subtraction with 

voice activity 

detection (SS-

VAD), minimum 

mean square error-

spectrum power 

based on zero 

crossing (MMSE-

SPZC). 

Speech quality and 

high intelligibility 

for the speech data 

degraded by 

different types of 

noises 

 

the MMSE-

SPZC 

estimator 

 

2.5 Chapter Summary 

 This chapter introduced the background of challenges, architecture, characteristics, 

techniques, evaluations methods, and estimation noise levels. environmental and AWGN 

noises are discussed for the purpose of investigations for designing a new framework will be 

given in chapter 3.  This chapter also presented the recent literature about noise reduction in 

terms of structural data, concepts, challenges, techniques, and evaluation methods using a 

conducted systematic classification schema of nine relevant types of research is presented to 

analyze the problem statements, used techniques, and evaluation methods. 
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Chapter 3: Proposed Framework 

3.1 Overview  

Chapter 3 presents the proposed additive noise subtraction for environmental noise in speech 

recognition (ANSESR) framework, beginning with the overall description of the framework 

in respect to the specified requirements. Then, the theoretical description is given of the four 

stages of the proposed ANSESR framework, in which a speech enhancement stage is divided 

into three main processes, which are each explained theoretically.  

3.2 Proposed Framework 

The ANSESR framework meets the requirements for increasing the effectiveness 

performance of enhancing speech signals by a tool. This tool helps for identifying the clean 

speech from the environmental noises during the recordings. The ANSESR framework, 

supported by feature extraction by Mel frequency cepstral coefficients (MFCC), produces 

signals with significant enhancement of the signal quality after conducting the process of the 

noise subtraction. Moreover, the process of template matching is used to classify the data set 

and test set of the ANSESR framework with the dynamic time warping (DTW) technique to 

compare the final enhanced speech signal with a stored reference template of clean speech 

in disordered words to find the optimal matching results between the disordered voices and 

the high degree of utterances [8], [10]. There are specified requirements to conduct this 

framework according to the noise type, signal-to-noise ratio (SNR) level in decibels (dB), 

real or simulated noises, and signal-processing channels as shown in Table 2. 
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Table 2 The Requirement Specifications for The ANSESR Framework 

Noise Type SNR Level Real/ simulated 

Noise 

Signal Processing 

Channels 

Environmental Noise 15 dB,10 dB, and 

0 dB 

White noise 2 channels (1 for the speech 

and 1 for the noise) 

Additive White 

Gaussian Noise  

20 dB, 15 dB, 10 

dB, and 0 dB 

Simulated noise single channel (mono) 

The ANSESR framework stages are the preprocessing speech signal, speech enhancement, 

feature extraction, and template matching. The sequential steps to carry out the tool and 

getting the expected results are shown in [1, 3 Fig. 10].  
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Fig. 10. The proposed ANSESR framework.  
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3.2.1 Stage 1: The Preprocessing Speech Signal  

The preprocessing speech signal stage in the ANSESR framework begins with a noisy speech 

signal input 𝑦 (n) that is corrupted by an environmental white noise, which is denoted by [4 

eq. (1)]:  

𝑦 (n) = x (n) + 𝑑 (n)                                                          (1),  

where n is the time duration, x(n) is the speech signal, and d(n) is the environmental real 

white noise. Because of the non-stationarity problem of signals, the preprocessing input 

speech signal is analyzed by using the framing speech signal (FSS) and Hamming window 

technique.  Fig. 11 shows the processes in this stage which help in analyzing the speech 

signal characteristics properly and prepare the signals for the next speech enhancement stage. 

 

Fig. 11. The preprocessing speech signal stage. 

The first process of the FSS divides the speech signal into short time frames, where N is the 

total number of samples of the speech signal. The results change based on the 𝑙𝑡ℎ frame 

number. For instance, the 1𝑠𝑡 frame x 0(n) has N samples, and the 2𝑛𝑑 frame x 1(n) has M 

samples after the adjusted x 0(n). The shifting is conducted by the N-M samples. Likewise, 

the 3𝑟𝑑 frame x 2(n) has 2 M samples after the adjusted 2𝑛𝑑 frame shifted by the N-2M 

samples. This process continues till the whole file of the speech is prepared in frames [16].  
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The FSS equation is represented in [6, eq. (2)]: 

x 𝑙(n)= x(Ml+n)                                                                   (2), 

where n=0, 1, …., N-1 samples, and l=0, 1, ..., L-1 frames. The next process involves 

windowing each frame using the Hamming window technique to decrease the distortion of 

the speech spectra and eliminate the discontinuity of the frame edges. The Hamming window 

𝑤(n) is a raised cosine window [16], [17], [46], [47]. The Hamming window equation is 

shown in [6, 7, 8  eq. (3)]:   

𝑤(n) =  0,54 + 0,46 cos (
2𝜋𝑛

𝑁−1
)                                                 (3),  

where N is the number of data points. If zero or less, an empty array is returned.  Usually, the 

Hamming window technique has an odd length with a single maximum at the center. Finally, 

the windowed signal is defined in [6, 7, 8  eq. (4)]: 

 

Y (n) = x 𝑙(n)w(n)                                                                (4). 

3.2.2 Stage 2: The Speech Enhancement  

The speech enhancement stage in the ANSESR framework built based on spectral 

subtraction (SS) is used for reducing noises and enhancing the quality of speech [5], [9], 

[50]. The SS technique, used for subtracting estimated spectral noise components from the 

input signal y(n), is supported by a voice activity detector (VAD) for estimating and updating 

spectral noise components from the silent segments using noise energy levels [5], [9], [10]. 

In this framework, the windowed signal of the K segments Y(n) is used as an input signal in 

process (1), which is the initial spectral subtraction (ISS) for subtracting the environmental 

noise d(n) from the speech signal x(n). The result is inserted in process (2), supported by the 

AWGN channel at different levels of the SNR. In process (3), the final spectral subtraction 

(FSS) is used to reduce the noise samples from the AWGN signals as shown in Fig. 12. 
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Fig. 12. The speech enhancement stage.  

3.2.2.1 Process 1: Initial Spectral Subtraction 

Initial spectral subtraction (ISS) is considered the first process for single-channel speech 

enhancement that requires the input of the windowed signal as given by Y (n). The SS 

technique is used for efficient environmental noise removal of the corrupted signals [5], [47]. 

Subtracting the estimated spectral noise components resulted in a denoised signal in the time 

domain X(n)̂. According to a demand of the SS technique, any speech signal X (n) has an 

additive noise D (n). In the ANSESR framework, the input D (n) is considered an 
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environmental real white noise signal, which is uncorrelated to the speech signal X (n). The 

adopted equation of a degraded signal by any type of noise is shown in [4, 9, 10,12  eq. (5)]: 

Y (n) =  X (n) +  D (n)     𝑓𝑜𝑟  0 ≤ n ≤ N − 1                                   (5).  

Then, converting Y (n), X (n), 𝑎𝑛𝑑 𝐷 (n) signals from the time-domain to the frequency-

domain to assess the amplitude of noises and phase spectra, where Y (n) is divided into the 

same length of K frames [10], [48] as represented in [4, 9, 10, 12 eq. 6]: 

  Yk(ω) =  Xk(ω) + Dk(ω)      𝑓𝑜𝑟  0 ≤ k ≤ K − 1                                (6),  

where Yk(ω), Xk(ω), and Dk(ω) indicate the amplitudes of the short-time discrete Fourier 

transform (DFT) taken from Y(n), X(n), and D(n). The signals are raised to a power of the 

scaling factor value α, where α = 1 identifies the amplitude SS and α = 2 identifies the power 

of SS. If the estimation of the noise spectrum Dk̂ is possible to be obtained, an approximation 

of the clean speech Xk̂ is possible to be obtained from Yk and is written as [4, 9, 10, 12 

eq.(7)]: 

Xk̂(ω) =  Yk(ω) − Dk̂ (ω)                                                 (7). 

Hence, the scaling factor value α must be selected carefully to avoid the distortion of the 

signal and the musical noise. The noise subtraction process using scaling factor α is 

illustrated as [4, 9, 10, 12 eq.(8)]:  

 Xk̂(ω) =  Yk(ω) − α . Dk̂ (ω)                                          (8). 

After noise subtraction, the spectral amplitude can be either positive or negative. To reduce 

the amplitude of negative components, full wave editing (the absolute value) is used, where 

the (α) root is extracted to provide corresponding Fourier amplitude components [5]. The 

inverse fast Fourier transform (IFFT) function is obtained from the phase component φ 

directly from the Fourier transform unit. Selecting 50% overlap of shifting windows requires 

the approximation of frames during the last seconds in real-time processing. The inverse fast 
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Fourier transform (IFFT) and the overlap and add functions are used to rebuild the obtained 

denoised speech signal in the time domain [5], [9], [10], [48], [49], [50]. phi 

To improve the performance of detecting different noise levels in the SS technique, the well-

known voice activity detector (VAD) is adaptive to update the noise estimations from the 

silent segments which impact the quality of speech enhancement [5], [9], [10]. The VAD 

uses short time energy levels function to estimate and update the noise components is 

represented as [1, 10, 11, 13 eq. (9)]:  

𝐸𝑛 =  ∑ 𝑥𝑛 
2 (𝑛)𝑛

𝑛+1                                                               (9),  

The 𝐸𝑛 is the short time energy, which is the square sum of 𝑥𝑛 
2 (𝑛) of the noisy signal. A 

square root is used to classify speech segments from silence segments. However, the short 

time energy has some sensitivities to the large amplitude levels of the signal since it is a 

square function [16], [47]. The short time energy formula after the framing and windowing 

signal is represented in [1, 10, 11 eq. (10)]: 

𝑥𝑛(m) = x(m)w(n − m)    where   n − N + 1 ≤  m ≤  n                           (10), 

where x(m) is the original speech signal and 𝑥𝑛(m) is the speech signal of the n segments 

after preprocessing the subframes and adding the windows. 

3.2.2.2 Process 2: Additive White Gaussian Noise (AWGN)  

This process adopted the AWGN channel to be used for simulating the effects of multiple 

random processes which appear in environments. In the proposed ANSESR framework, the 

denoised signal X (n)̂ from the process (1) is inserted in the AWGN process to optimize the 

efficiency of simulating background noises and produce AWGN signals Yi at a time of i 

with different levels of SNR. First, the general equation of the noisy signal is represented 

with continuous random variables defined in [14, 15, eq. (5)]: 

Y = X + Z                                                              (5), 
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where Y decomposes into the X transmitted components and the Z noise components. 

Second, the average power of the signal X is assigned as [14,15 eq. (11)]: 

P = E [𝑋2]                                                                   (11). 

Then, the Gaussian channel is defined as a time-discrete channel, where theYi is at a time i,  

Xi is the input, and Zi is the noise is distributed independently and identically with variance 

N. In 2013, Walree et al [55]. added white Gaussian noise to a signal at a specified SNR 

level. Therefore, in the ANSESR framework, white Gaussian noise is added at a specified (0 

dB) SNR to the input signal X (n)̂. The equation of the AWGN is adopted from [14, 15, eq. 

(12)]: 

Yi = Xi + Zi                                                         (12).  

 

Fig. 4. The Gaussian channel [31], [32]. 

As seen in Fig. 4, the noise Z is independent of the transmitted variable X, which means the 

information over the channel is the difference between the obtained variable Y and the noise 

Z. In normal distribution, the noise has a zero mean and a variance N. Since Y = X + Z, the 

two Gaussian variables are Z ∈ N (0, √𝑁 ) added to X ∈ N (0, √P), to attain equality of Y ∈ 

N (0, σ). The difference between the average powers of signal and noise is taken to achieve 

the desired distribution on the Y signal as illustrated in [14, 15 eq. (13)]: 

σ2= P – N                                                             (13). 
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Signal-to-noise ratio (SNR) is the proportion of the average power of a signal to the average 

power of a noise as denoted in [14, 15 eq. (14)]: 

SNR = 
𝑃

𝑁
                                                              (14), 

where N is the signal average power as represented in [14, 16 eq. (15)]:  

N = E [𝑍2]                                                              (15). 

After adding noise at an identified scale of the SNR, input, and output, the SNR is calculated 

in a logarithmic space based on an identified unit of dBs. The equation that calculates the 

SNR in dB is shown in [16, 17 eq. (16)]: 

SNR= (10 log10 (SNR)) = 10 log10 
P𝑠𝑖𝑔𝑛𝑎𝑙

N𝑠𝑖𝑔𝑛𝑎𝑙
                                   (16). 

The x_ SNR function is executed a few times based on the iteration through the SNRi ranges 

from 0 dB to 20 dB with a 5 dB step.   

3.2.2.3 Process 3: Final Spectral Subtraction 

Final Spectral subtraction (FSS), used for subtracting the noise after the produced AWGN 

signal, deals with the output of AWGN as an input 𝑌𝑖(n) in the FSS, estimates, and subtracts 

the samples based on the given equations below [4, 9, 10, 11 eq. (6, 7,8,9,10)]:  

𝑋𝑖(n)̂̂ = 𝑌𝑖(n) − 𝑍𝑖 (n)̂                                                (17),  

where 𝑋𝑖(n)̂̂ is the final enhanced signal. The function SNR(i) = {0, 5, 10, 15, 20 dBs}is 

implemented using eq. (12) and overlapped by a 5 dB step size. In each round in this stage, 

the SNR)i( begins with 0 dB. And 5 dB are added incrementally to the previous SNR(i) until 

reaching the 20 dB [4, 9, 10, 11 eq. (6, 7, 8, 9, 10)]. To show the output of this stage, a 

subplot function is used to obtain the denoised signals X (n)̂, AWGN signals 𝑌𝑖(n), and 

enhanced signals 𝑋𝑖(n),̂̂  respectively. 
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3.2.3 Stage 3: Feature Extraction  

In the major stage of speech recognition (SR), feature extraction based on the Mel frequency 

cepstral coefficients (MFCCs) is used to analyze the segmented input signal and extract the 

speech features as shown in Fig. 13 [18], [21], [51]. The MFCCs represent the determined 

feature numbers of the enhanced signal 𝑋𝑖(n)̂̂ on the discrete cosine transform (DCT) 

through overlapped filter bank energy to produce a number of the cepstral coefficients per 

frame.  

Fig. 13. The feature extraction stage. 

Initial coefficients obtain the highest frequency response of sound identification based on 

the formants and the spectral enveloping to consider 13 as the number of coefficients per 

frame [25]. The input signal is preprocessed by the equation of the windowed speech frame 

signal using the Hamming window technique as seen in [6, 7, 8  eq. (4)], where 0 ≤ n ≤ N-1 

is the window length: 

Y (n) = x 𝑙(n) × {0,54 + 0,46 cos (
2𝜋𝑛

𝑁−1
)}                                         (4). 

Then, the Y(n) signal is converted into a frequency domain by n-point FFT to attain 

frequency amplitudes of each corresponding frame. The equation of calculating a 

logarithmic Mel-scale of each triangular filter bank energy L𝑓with a response of 1 at the 

center frequency is seen in [ 18, 19 eq. (18)]:   
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X[l] = 2595 log10 [1+ f / 700]                                                  (18), 

where l = 0, 1, ..., L𝑓 – 1. Once the energy values are determined, DCT is computed to obtain 

the MFCC as represented in [19, 20 eq. (19)], where n indicates the dimension of MFCC.  

MFCC (n) =∑ X[l]
L𝑓

l=1
 𝑐𝑜𝑠 [𝑑 (

𝑚(1−0,5)𝜋

L𝑓
)]                                      (19), 

3.2.4 Stage 4: Template Matching 

After the enhanced features are extracted, they are inserted into the classification stage, 

which is a template-matching (TM) method of the proposed ANSESR framework as shown 

in Fig. 14. 

Fig. 14. The template matching stage. 

Template matching involves both multiple-template and single-template strategies. The 

multiple-template strategy calculates the distance between a single test sample and all 

reference samples. The multiple-template strategy is used in various ways for the process of 

measurements based on different functions such as min, max, mean, or median. The single-

template strategy uses two different measurements, either a representative sample that is 

collected from reference samples or a mean of the template produced from a single reference 

sample [57]. In this stage, the single mean template is used to calculate the least distance 

between sequences using the Euclidean distance based on a reference audio file (Fig. 15).  
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Fig. 15. Taxonomy of the two template matching strategies [57]. 

The equation for measuring the global distance (GD) with the DTW technique is represented 

in [21, 22 eq. (20)]: 

D(x||y) = min [D (i-1, j-1), D (i-1, j), D (i, j -1)] + D (i, j)                          (20). 

The equation for measuring the least distance (LD) with the Euclidean distance is illustrated 

in [17,22 eq. (21)]: 

deucl(x||y) = √∑ (x(t) - y(t))T
t=1

2
                                             (21). 

Finally, the mean values, which calculate the percentages as the final outputs based on the 

similarity matrix of two matching sequences, is normalized based on the difference between 

the maximum value in the matrix (M) and the minimum value (distance) divided by the 

maximum value (M).     

3.3 Chapter Summary  

This chapter introduced the proposed ANSESR framework, which increases the effective 

performance of enhancing speech signals with a tool. This ANSESR framework contains 

four stages. The first stage involved preprocessing the input speech signal using the framing 

speech signal (FSS) and the Hamming window technique. The second stage included speech 

enhancement that helps to improve the input speech signal by reducing background noises. 
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The speech enhancement stages have three processes which began with the first process, the 

initial spectral subtraction (ISS) technique used for subtracting the real environmental white 

noise from the input speech signal. In the second process, the AWGN channel used to 

produce a AWGN signal at a scaled SNR that is uncorrelated to the denoised signal. In the 

third process, the AWGN samples were subtracted by the final spectral subtraction (FSS) 

technique, resulting in three signals that are divided by the subplot function: denoised signal, 

AWGN signal with different levels of SNRi, and a high-quality signal, respectively. Then, 

the feature extraction stage used to represent the desired feature of the initial 13 coefficients 

per frame of the segmented enhanced signals on discrete cosine transform (DCT). The 

evolution of the ANSESR framework based on the template matching stage relied on the 

DTW technique which gives high recognition rates of the disordered voices and shows the 

correct utterances of the speech recordings. 
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Chapter 4:  Implementation and Results 
 

4.1 Overview  

This chapter shows the experimental results that are taken from the Additive Noise 

Subtraction for Environmental-Noise Speech Recognition (ANSESR) framework, which 

was supported by an ANSESR tool to automate the findings from the given framework. This 

tool is developed by the programming language Python with mathematical libraries that are 

mentioned below.  

4.2 Experimental Results  

This thesis conducted experimental results of an investigation of the noisy speech in the 

environment at the Florida Tech university lab using Python. The experiment relied on a 

dataset of record waves files including noisy speech using the numbers 0, 1, 2, 3, 4, 5, 6, 7, 

8, and 9, backgrounded by environmental real stationary white noise. The dataset contains 

the record waves spoken by a single female talker with 30.486 seconds length. The signal-

to-noise ratio (SNR) is in decibels (dB) (0 dB, 10 dB, and 15 dB). 

4.2.1 The Preprocessing Speech Signal Stage 

In the experiment, the data type is int16, the total number of data points is N = 1344448 

samples, and the sampling rate (data points per second) is 44100. The frames divided the 

speech signal into short intervals (30 ms) of N samples (13 samples), which overlapped by 

M samples (15 ms). The frames are shifted after the 𝑙𝑡ℎ frame of the signal x 𝑙 (n), where 

there are L- number of frames. A given n= 30 ms is considered the length of the window and 

N= 13 samples in each frame. Based on a used package from Python library called Librosa 

for analyzing the audio to set the window length at 30 ms by the n_fft function = 

int(0.030*rate), and overlap the window 50% of each frame of the input signal by the 

hop_length function =int(0.015*rate). This stage resulted in a segmentation of the speech 

signal into short frames that are multiplied by the hamming window to be produced to the 

next stages. 
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4.2.2 The Speech Enhancement Stage 

In the experiment, the speech enhancement stage is developed for producing a high-quality 

speech signal. To begin, the windowed signal length lasts 30.486 seconds and the 

environmental white noise has 15 dB, 10 dB, and 0 dB SNR levels. The total number of data 

points is 1,344,448. The experimental results are represented in the time domain as shown 

in the below figures. 

4.2.2.1 Process 1: Initial Spectral Subtraction 

When applying an initial spectral subtraction (ISS), it is assumed that the background noise 

is additive and uncorrelated to the speech. Therefore, two channels are needed, a channel for 

the original speech and another channel for background noise. After the noise channel is 

selected, the frames that contain only noise samples are estimated using the function 

noise_clip() to be reduced by the function nr.reduce_noise(), which is applied to reduce the 

noise samples from the selected noise clip. The process of estimating and reducing noise 

samples is repeated until the noise is reduced as much as possible to obtain a high quality of 

the denoised speech signal. Fig. 16 (a) and (b) represent the input of the first process of the 

speech enhancement stage based on the ISS technique. While Fig. 16 (c) represents the 

results after applying the ISS technique, where SNRs are from 15dB to 0dB. Fig. 16 (a) 

shows the two channels of the input speech signal, where the first signal channel is speech 

and the second is background noise. Fig. 16 (b) shows the selected noise channel of the initial 

spectral subtraction input. 
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Fig. 16 (a) Initial spectral subtraction input.

 

Fig. 16 (b) The selected channel of the initial spectral subtraction input. 

After conducting the initial spectral subtraction (ISS) based on the noise signal channel 

(input), the 15 dB SNR ranged from 0 to 7 sec, the 10 dB SNR ranged from 7.1 sec to 17 

sec, and finally, the 0 dB SNR ranged from the 17.1 sec to 30.486 sec. In Fig. 14 (c), a 

denoised signal is represented after the noise samples are estimated and reduced from the 

silence frames. The results indicated that the signal quality increased greatly when the SNR 

increased while the decrease of SNR negatively impacted some fragments of the noise signal, 

which led to the need for improvement in the next steps. The final output of this stage is a 

denoised signal, which is an input for the second process of the speech enhancement stage. 
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Fig. 16 (c). The result of initial spectral subtraction. 

4.2.2.2 Process 2: Additive White Gaussian Noise (AWGN) 

In this part, the AWGN is operated by adding noise to the denoised signal. In the ANSESR 

tool, a function called def x_SNR (input signal, noise amount) with two parameters is 

prepared to calculate the different levels of the SNR.  Besides, a declared target SNR in dB 

= gain dB is applied to assign the targeted SNR based on the noise amount in dBs. Fig. 17 

shows the results of conducting the average noise amplitudes for the levels of SNR dBs, 

which resulted in higher average noise amplitude at the lowest level of SNR dBs (0 dB). 

 

Fig. 17. Bar chart of average noise amplitudes for the levels of SNR dBs. 

The preparation of the white Gaussian noise samples began with assigning the mean as a 

zero-mean Gaussian random variable to the denoised signal with the library 

np.random.normal (the mean, the standard deviation (variance), and the length of the input 
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signal). Therefore, the AWGN is generated with random samples of a normal (Gaussian) 

distribution. The noisy signal parameters are calculated with the white Gaussian noise 

samples added to the denoised signal as shown in the equation (12). This resulted in a new 

AWGN signal that was built uncorrelated to the denoised signal in a normal distribution to 

be presented to the next process. 

4.2.2.3 Process 3: Final Spectral Subtraction 

This process is conducted on the AWGN signal input to reduce the AWGN samples from 

the AWGN signal through repeating the initial spectral subtraction process (1). Then, the 

function plt.subplot() is applied to plot the denoised signal, AWGN signal, and enhanced 

signal, respectively. The results of the whole speech enhancement stage show the 

performance of speech enhancements in different levels of SNR dBs as represented in Fig. 

18 (a), (b), (c), (d), and (e).  
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In Fig. 18 (a), the results show the performance of the FSS technique was very low at 0 dB 

SNR while some noise density was left after reducing the AWGN samples from the AWGN 

signal. 

 

Fig. 18 (a). The results of the denoised signal with the ISS technique, AWGN (SNR= 0 

dB), and the enhanced signal with the FSS technique. 
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In Fig. 18 (b), the results show the performance of the FSS technique at 5 dB SNR is better 

than at 0 dB; however, a little noise density was left of the AWGN at 1 sec noise after 

conducting the FSS technique. 
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Fig. 18 (b). The results of the denoised signal with the ISS technique, AWGN (SNR= 5 

dB), and the enhanced signal with the FSS technique. 

In Fig. 18 (c), the results show the performance of the FSS technique at 10 dB SNR was 

better than at 5 dB; however, the environmental noise density was left at 17.1 sec when the 

SNR was increased to 10 dB and the AWGN density was left at 1 and 2 seconds.   
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Fig. 18 (c). The results of the denoised signal with the ISS technique, AWGN (SNR= 10 

dB), and the enhanced signal with the FSS technique. 

In Fig. 18 (d), the results show the performance of the FSS technique at 15 dB SNR was 

more highly increased than at 0, 5, 10 dBs, in which no environmental noise was left but the 

AWGN noise density was left at 1 sec.    

                  

Fig. 18 (d). The results of the denoised signal with the ISS technique, AWGN (SNR= 15 

dB), and the enhanced signal with the FSS technique. 
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In Fig. 18 (e), the results show the performance of the FSS technique at 20 dB SNR 

was more highly increased than at 0, 5, 10, and 15 dBs, in which the environmental and 

AWGN noises are highly reduced.   

 

Fig. 18 (e). The results of the denoised signal with the ISS technique, AWGN (SNR= 20 

dB), and the enhanced signal with the FSS technique. 

This stage resulted in an increase of the SNR levels after applying the FSS technique, which 

dealt with the corrupted speech signals with the AWGN at 0, 5, 10, 15, and 20 dB. Finally, 
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the enhancement of the performance of the FSS technique was optimized through the 

reduction of both noises at 20 dB. 

4.2.3 The Feature Extraction Stage 

In this stage, the feature extraction was operated on the enhanced signal from the previous 

stage using the Mel frequency spectral coefficients (MFCCs), which worked under the short-

term speech analysis to obtain speech spectra based on discrete cosine transform (DCT) 

using the Librosa (), which is Python audio library. We began the experiment by assigning 

the MFCCs with the prepared features below, depending on the sampling rate of the 

enhanced signal = 22050: MFCCs =librosa.feature.mfcc (input signal, rate, n_mfcc=13, 

hop_length=int(0.015*rate), n_fft =int(0.030*rate)).  

• The length of the coefficient (n_mfcc) equals 13 samples (the number of data points 

in each frame). 

• The length of the Hamming window (n_fft) equals 30 ms. 

• The overlap of the window (hop_length) equals 15 ms, which is 50% of each frame 

of the input enhanced signal. 

• The sinusoidal liftering to the MFCCs to de-emphasize higher MFCCs (cep_lifter) 

equal 12 cepstral coefficients 

 

Then, according to equation (19), the function MFCCs was applied to calculate the number 

of MFCCs, which was 13 coefficients per frame in the experiment. Fig. 19 shows the given 

features: The Hamming window length of the enhanced signal at 30 ms based on 13 MFCCs 

per frame in which the markable reduction from the noise frames is highly noticeable.    
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Fig. 19. The results of the feature extraction stage by MFCC technique.  

4.2.4 Template Matching  

In this stage, the template matching (TM) is used for evaluating the proposed ANSESR 

framework supported by the automated tool based on the dynamic time warping (DTW) 

technique. The data set was the enhanced signals after the segmentation, and the test data set 

was the disordered sequences of record files. The results of the evaluation of the ANSESR 

framework indicated the average recognition accuracy rate for obtaining the optimal 

matching paths between the reference and each of the nine test validation files as shown in 

Table 3 below:   
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 Validation File No. Training Folder  Recognition Rate % 

File 1 0, 1, 2, 3, 4, 5, 6, 7, 8, and 9 99.0151 

File 2 1, 0, 2, 3, 4, 5, 6, 7, 8, and 9 98.9166 

File 3 2, 1, 0, 3, 4, 5, 6, 7, 8, and 9 98.8182 

File 4 3, 2, 1, 0, 4, 5, 6, 7, 8, and 9 98.7197 

File 5 4, 3, 2, 1, 0, 5, 6, 7, 8, and 9 98.4352 

File 6 5, 4, 3, 2, 1, 0, 6, 7, 8, and 9 98.3442 

File 7 6, 5, 4, 3, 2, 1, 0, 7, 8, and 9 98.3592 

File 8 7, 6, 5, 4, 3, 2, 1, 0, 8, and 9 98.1696 

File 9 8, 7, 6, 5, 4, 3, 2, 1, 0, and 9 97.8838 

Total avg Rate  98.5179 

 

Fig. 20 explains the DTW technique, in which the Euclidean distance was used to calculate 

each entry in the matrix as a distance between data points from the enhanced signal and other 

test signals. The blue lines illustrate the scatter matching paths, in which data points of the 

reference enhanced signal are aligned with data points of the other test signals.    

The smallest path for obtaining the correct utterances of disordered speech based on the 

sequence of words is the first validation file number while the other files fluctuated based on 

the time and the order of word fragments.   
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Fig. 20. The results of scatter matching paths by the DTW technique. 

4.3 Chapter Summary 

This chapter presented the results of the ANSESR framework. We conducted an experiment 

that targeted environmental noise into four stages. In stage 1, the speech signal was 

segmented into short frames that were multiplied by the Hamming window technique. In 

stage 2, an enhanced high-quality speech signal was produced based on three processes. The 

first process resulted in reducing the 15, 10, and 0dBs SNR of the environmental real white 

noise based on the ISS technique. The second process resulted in producing a new AWGN 

noise from the generated AWGN samples with the identified level of the SNR first. The third 

process resulted in reducing the AWGN samples from the AWGN noise signal the FSS 

technique, where the SNR ranges from 0 dB to 20 dBs in steps of 5 dBs to provide new 

enhanced speech signals. In stage 3, the feature extraction was conducted by the MFCC 

technique on the enhanced signals to obtain 13 MFCCs per frame. The final stage addressed 

the evaluation results of the proposed ANSESR framework, which was supported by an 

automated tool. Based on the nine validation file numbers, each file had a different sequence 

of disordered words. The single mean template matching was based on the DTW technique 

between the data set and test set to obtain an average recognition accuracy rate of 98.5179 

% based on the execution time and the word fragment factors. The classification resulted in 

recognition rates and optimal matching paths during the mean scores that referred to the 

recognition rates, where the results show that the first validation file number had the correct 

utterance of the disordered speech.  
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Chapter 5:  Thesis Summary 
 

This thesis investigated the challenges of the environmental noise on the file recordings in 

short time. It targeted the stationary noise for the processes of speech recognition 

investigation as shown in chapter one. In addition to introducing the problem statement that 

summarized in having negative effects of environmental real white stationary noises on 

speech intelligibility. The proposed solution is the ANSESR framework to investigate the 

enhancements in different levels of SNR and identify clean speech from noisy recordings 

using the Hamming window, SS, MFCC, and DTW techniques. Finally, the simple ANSESR 

framework is illustrated.   

Chapter two presented the theoretical background of SR regarding the demands of end-users 

and developers, challenges of speech recognition in different noise sources, systematic 

architecture, characteristics that negatively affect the SR like environmental and additive 

noises, and analysis of noise levels that impact the performance of SR. Additionally, recent 

literature about noise reduction in terms of structural data, concepts, challenges, techniques, 

and evaluation methods were reviewed. A classification schema analyzed the gathered 

related papers to our scope based on presenting the problems, used techniques, used 

evaluation methods, and findings. 

In chapter three, we presented the proposed ANSESR framework with four main stages, 

developed by an ANSESR tool implemented by Python to automate findings from a given 

framework. In stage 1, the preprocessing speech signal stage was used for the speech signal 

segmentation into short frames that are multiplied by the Hamming window to be produced 

for the next stages. In stage 2, speech enhancement was conducted in three processes to 

reduce the three different levels of environmental white noise from the input signal and 

produce high-quality enhanced speech signals. In stage 3, feature extraction by the MFCC 

technique is used for short-term speech analysis to obtain speech spectra on the DCT domain 

based on given features, which are the Hamming window length and the MFCCs per frame.  
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In chapter four, we discussed the experiment we have conducted in four stages about the 

proposed ANSESR framework, which contains a noisy audio file in a WAV format of the 

numbers (0, 1, 2, 3, 4, 5, 6, 7, 8, and 9) backgrounded by three different levels of the 

environmental real stationary white noise. The result of stage 1 indicates a segmented speech 

signal in short time frames multiplied by the Hamming window. In stage 2, the experiment 

resulted in an enhanced high-quality speech signal based on three processes. In stage 3, the 

feature extraction was conducted by the MFCC technique on the enhanced signals to obtain 

13 MFCCs per frame. In the last stage, template matching by the DTW technique was used 

to address the evaluation results of the proposed framework to obtain the average recognition 

accuracy rate dealing with the time and word fragment factors. The classification resulted in 

recognition rates and optimal matching paths, where the results show that the first validation 

file number had the correct utterance of the disordered speech [24]. 
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