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Abstract— Speech  Augmentation  aims to improve speech 

quality by using various techniques and   algorithms . 

Minimising the intervening noise in a speech signal is a 

challenging task for many years. Compared to traditional 

unsupervised speech enhancement methods, e.g., Wiener 

filtering supervised approaches, such as algorithms based on 

hidden Markov models (HMM), lead to higher-quality 

enhanced speech signals. However, the main practical 

difficulty of these approaches is that for each noise type a 

model is required to be trained a priori. In this paper, we 

investigate a new class of supervised speech de noising 

algorithms using nonnegative matrix factorization (NMF). 

We propose a novel speech enhancement method that is 

based on a Bayesian formulation of NMF BNMF). To 

circumvent the mismatch problem between the training and 

testing stages, we propose two solutions. Firstly, HMM is 

used in combination with BNMF (BNMF-HMM) to derive a 

minimum mean square error (MMSE) estimator or the 

speech signal with no information about the underlying 

noise type. Secondly,a scheme is suggested to learn the 

required noise BNMF model online, which is then used to 

develop an unsupervised speech enhancement 

system.Extensive experiments are carried out to investigate 

the performance of the proposed methods under different 

conditions. 

Key words:  Nonnegative matrix factorization (NMF), 

speech enhancement, PLCA, HMM, Bayesian Inference           

I. INTRODUCTION 

When a speech communication device is used in 

environments with high levels of ambient noise, the noise 

picked up by the microphone will significantly impair the 

quality and the intelligibility of the transmitted speech 

signal. The quality degradations can be very annoying, 

especially in mobile communications where handsfree 

devices are frequently used in noisy environments such as 

cars. It is therefore advisable to include a noise reduction 

algorithm in such devices. Moreover, noise reduction 

algorithms are now applied in numerous related fields. 

Among these are 

 speech recognition 

 speech coding 

 hearing aids and cochlear implants 

 restoration of historic recordings and  

 forensic applications 

     In most of these applications the noise is additive 

and statistically independent from the speech signal. In 

particular, the noisy speech signal y(k) is modelled as a sum 

of a clean speech signal s(k) and a noise signal n(k). As a 

consequence of the independence assumption and when all 

signals are zero mean, the expectation E {fs(k)n(i)} is zero 

for all k and i. The task of noise reduction is to recover s(k) 

“in the best possible way” when only the noisy signal y(k) is 

given. 

     Commensurate with the number of applications, 

there are many proposals of how to solve the noise reduction 

task. Since the invention of the spectral subtraction 

technique as in [1]which is plagued by random fluctuations 

in the residual noise (also known as “musical noise”), 

researchers have worked hard to develop better solutions. It 

is generally acknowledged, that besides the speech quality 

also the perceived quality of the residual noise in the 

enhanced signal is of utmost importance. Moreover, the 

ultimate goal of these algorithms is not only to reduce noise 

but also to enhance the perceived speech signal, in the sense 

that quality, listening effort, as well as intelligibility is 

improved. The joint optimization of these objectives is not 

easily accomplished. Typically, single microphone systems 

do not improve the intelligibility of the noisy signal for 

normal hearing subjects. The picture changes when there is 

a low bit rate speech coder or a cochlear implant in the 

transmission path. In these cases, quality as well as 

intelligibility improvements were demonstrated, e.g., (3). 

     Speech augmentation methods can be categorized 

into two broad classes: unsupervised and supervised. 

Unsupervised methods include a wide range of 

approaches such as spectral subtraction , Wiener and 

Kalman filtering, short-time spectral amplitude (STSA) 

estimators, estimators based on super-Gaussian prior 

distributions for speech DFT coefficients, and schemes 

based on periodic models of the speech signal. In these 

methods, a statistical model is assumed for the speech and 

noise signals, and the clean speech is estimated from the 

noisy observation without any prior information on the noise 

type or speaker identity. However, the main difficulty of 

most of these methods is estimation of the noise power 

spectral density (PSD) which is a challenging task if the 

background noise is non-stationary. 

     The supervised approaches have been shown to 

produce better quality enhanced speech signals compared to 

the unsupervised methods which can be expected as more 

prior information is fed to the system in these cases and the 

considered models are trained for each specific type of 

signals. The required prior information on noise type and 

speaker identity in some cases can be given by the user, or 

can be obtained using a built-in classification scheme or can 

be provided by a separate acoustic environment 

classification algorithm.  

     NMF is a technique to project a nonnegative matrix 

y onto a space spanned by a linear combination of a set of 

basis vectors, i.e., y ≈ bv, where both b and v are 

nonnegative matrices. In speech processing, y is usually the 

spectrogram of the speech signal with spectral vectors stored 

by column, b is the basis matrix or dictionary, and v is 

referred to as the NMF coefficient or activation matrix. 

NMF can be applied to the statistical analysis of multivariate 

data in the following manner. Given a set of multivariate n-

dimensional data vectors, the vectors are placed in the 

columns of an n × m matrix V where m is the number of 

examples in the data set. This matrix is then approximately 

factorized into an n × r matrix W and an r × m matrix H. 

Usually r is chosen to be smaller than n or m, so that W and 
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H are smaller than the original matrix V . This results in a 

compressed version of the original data matrix. The equation 

of NMF can be rewritten column by column as v ≈W h, 

where v and h are the corresponding columns of V and H. In 

other words, each data vector v is approximated by a linear 

combination of the columns of W, Weighted by the 

components of h. Therefore W can be regarded as 

containing a basis that is optimized for the linear 

approximation of the data in V . Since relatively few basis 

vectors are used to represent many data vectors, good 

approximation can only be achieved if the basis vectors 

discover structure that is latent in the data.The present 

submission is not about applications of NMF, but focuses 

instead on the technical aspects of finding non-negative 

matrix factorizations. Of course, other types of matrix 

factorizations have been extensively studied in numerical 

linear algebra, but the non-negativity constraint makes much 

of this previous work inapplicable to the present 

case(8).Here we discuss two algorithms for NMF based on 

iterative updates of W and H. Because these algorithms are 

very easy to code and use, we have found them very useful 

in practical applications. Other algorithms may possibly be 

more efficient in overall computation time, but can be 

considerably more difficult to implement. Algorithms 

similar to ours where only one of the factors is adapted have 

previously been used for the deconvolution of emission 

tomography and astronomical images. At each  iteration of 

our algorithms, the new value of W or H is found by 

multiplying the current value by some factor that depends on 

the quality of the approximation. The quality of the 

approximation improves monotonically with the application 

of these multiplicative update rules. In practice, this means 

that repeated iteration of the update rules is guaranteed to 

converge to a locally optimal matrix factorization. 

     The main goal of this paper is to propose online 

algorithms for speech augmentation based on nonnegative 

matrix factorization (NMF). In this paper, we first propose a 

new supervised NMF based speech augmentation system. In 

the proposed method, the temporal dependencies of speech 

and noise signals are used to construct informative prior 

distributions that are applied in a Bayesian framework to 

perform NMF (BNMF),also an HMM structure with output 

density functions given by BNMF to simultaneously classify 

the environmental noise and enhance the noisy signal is 

developed. Therefore, the noise type doesn’t need to be 

specified a priori. Here, the classification is done using the 

noisy input and is not restricted to be applied at only the 

speech pauses as it is in , and it doesn’t require any 

additional noise PSD tracking algorithm, as it is required in 

prior works. 

The main contributions of this work can be summarized as:  

1) A speech enhancement method based on BNMF 

that inherently captures the temporal dependencies 

in the form of hierarchical prior distributions is 

proposed. Some preliminary results of this 

approach has been presented .Further a method is 

developed to evaluate its performance 

comprehensively. In particular, an approach to 

construct SNR dependent prior distributions is 

presented. 

2) An environmental noise classification technique is 

suggested and is combined with the above BNMF 

approach (BNMF-HMM) to develop an 

unsupervised speech enhancement system. 

3) A causal online dictionary learning scheme is 

proposed that learns the noise basis matrix from the 

noisy observation. Our simulations show that the 

final unsupervised noise reduction system 

outperforms other prior approaches significantly. 

II. EXISTING METHOD 

The spectral subtraction method of speech enhancement was 

introduced in [1] and remains one of the most widely used 

ways of reducing additive noise .A good overview of the 

method and its variants is included later. In the simplest 

form of spectral subtraction, the estimated magnitude 

spectrum of the noise, N (e
jw

), is subtracted from that of the 

noisy speech to obtain the estimated magnitude spectrum of 

the clean speech while the phase of each spectral component 

is left unaltered. This process is illustrated in Fig. 1 and can 

be written in the frequency domain as  (e
jw

)=G(e
jw

)X(e
jw

) 

where the real-valued gain function, G(e
jw

) is given by 

 G(e
jw

)=    {
| (   )| | ̂(   )|

| (   )|
  } 

in which the max() function prevents G from becoming 

negative at low SNRs. Because the gain function is real-

valued, the phase spectrum is uncorrected, however later it 

was demonstrated that little perceptual improvement 

resulted from using the true phase spectrum of the clean 

speech signal. 

 
Fig. 1: Spectral Subtraction With     

Subtracting the expected noise spectrum rather than 

its instantaneous value causes two problems: (i)there is 

residual broad-band noise after processing and (ii) 

individual narrow band spectral spikes remain and generate 

tonal noise often referred to as musical noise. A number of 

improvements have been proposed to circumvent these 

problems including the introduction of a gain floor and over 

subtraction which result in the modified gain function, 

    G(e
jw

)=    {
| (   )|

 
  (| ̂(   )|

 
 )

 
 

| (   )|
  | ̂(   )|} 

where     _ 1 and 0     1 are coefficients 

controlling the over subtraction and the noise floor 

respectively. By setting the noise floor coefficient to   > 0 

some broadband noise remains which reduces the perception 

of musical noise .Set   to a constant in the range 0.005-0.1. 

Increasing the over subtraction coefficient  , reduces the 

residual noise but may introduce distortion of the speech 

signal if set to high Under the assumption that the noise 

power is constant while the speech power varies from frame 

to frame, the over subtraction coefficient   may be varied in 

each frame based on the SNR in each frame so that less 

subtraction is performed in frames with high SNR. 

Frequency-dependent over subtraction coefficient 

which is adaptively updated using a nonlinear function of 
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the smoothed SNR estimate and the peak noise level in 

recent frames. This approach was extended  later where both 

the over subtraction and the noise floor coefficients are 

controlled adaptively. Instead of SNR extrema, a perceptual 

threshold function is used derived from the Bark spectrum 

of a roughly enhanced speech signal using standard spectral 

subtraction. 

  It was observe that spectral subtraction performs 

poorly when there is no speech present and introduce a two-

state model for speech presence. Using a Gaussian noise 

model for the noise, they derive an expression for the 

probability of speech presence based on the true (or “a 

priori”) SNR and the ratio of noisy-signal to noise power 

(the “a posteriori” SNR). The gain function is then 

multiplied by the probability of speech presence which 

results in greater attenuation when speech is absent. Later in 

[5] an alternative approach to eliminating musical noise by 

borrowing morphological operations from image processing 

was proposed. The idea is to apply dilation or closure 

(dilation followed by erosion) operators to the time-

frequency “image” that results from spectral subtraction in 

order to smooth out the residual noise without blurring 

speech features. To avoid the latter, segmentation was 

performed 

III. PROPOSED METHOD 

To obtain a BNMF model, we need to find the posterior 

distribution of the basis matrix, and optimize for the hyper 

parameters if desired. During training, some sparse and 

broad prior distributions to B and V are assigned. For this 

purpose, ψ and γ are chosen such that the mean of the prior 

distribution for B is small, and its variance is very high. On 

the other hand, f and θ are chosen such that the prior 

distribution of V has a mean corresponding to the scale of 

the data and has a high variance to represent uncertainty. To 

have good initializations for the posterior means, the 

multiplicative update rules for KL-NMF are applied first for 

a few iterations, and the result is used as the initial values 

for the posterior means. After the initialization, variational 

Bayes (as explained before) is run until convergence. The 

hyper parameters are optimised using Newton’s method, as 

proposed. We present our Bayesian NMF (BNMF) based 

speech enhancement methods.  

     In the following, an overview of the employed 

BNMF is provided first, which was originally proposed in. 

Our proposed extensions of this BNMF to modelling a noisy 

signal, namely BNMF-HMM and Online- BNMF are given 

in Subsections III-A and III-B, respectively. Subsection III-

C presents a method to construct informative priors to use 

temporal dynamics in NMF. The probabilistic NMF in 

assumes that an input matrix. 

 
Fig. 2: A Schematic Representation Of Each Time-

Frequency Bin Of A Magnitude Spectrogram (Ykt ) Is 

Assumed To Be A Sum Of Some Poisson- Distributed 

Hidden Random Variables (Zkit ). 

A. BNMF-HMM for Simultaneous Noise and Reduction: 

The proposed BNMF HMM noise reduction scheme 

described in which the state dependent output density 

functions are instances of the BNMF explained in the 

introductory part Cof this section. Each state of the HMM 

corresponds to one specific noise type. Let us consider a set 

of noise types for which we are able to gather some training 

data, and let us denote the cardinality of the set by M. We 

can train a BNMF model for each of these noise types given 

its training data. Moreover, we consider a universal BNMF 

model for speech that can be trained a priori. Note that the 

considered speech model doesn’t introduce any limitation in 

the method since we train a model for the speech signal in 

general, and we don’t use any assumption on the identity or 

gender of the speakers. 

B.  Informative Priors for NMF Coefficients:  

To apply variational Bayes to the noisy signal, the temporal 

dependencies of data to assign prior distributions for the 

NMF coefficients V are used. Both BNMF-based methods 

from III-A and III-B use this approach to recursively update 

the prior distributions. To model temporal dependencies and 

also to account for the non stationarity of the signals, we 

obtain a prior for Vt by widening the posterior distributions 

of Vt-1.Let the state-conditional prior distributions be fVit 

(vit |  xt ) =G(vit ; φit [xt ], θit [xt ]/φit [xt ])   where state 

dependency is made explicit through the notation [xt]. 

     To calculate the long-term SNR from the noisy 

data, we implemented the approach proposed in [20] that 

works well enough for our purpose. This approach assumes 

that the amplitude of the speech waveform is gamma-

distributed with a shape parameters fixed at 0.4, and that the 

background noise is Gaussian distributed, and that speech 

and noise are independent. Under these assumptions, authors 

have modelled the amplitude of the noisy waveform with a 

gamma distribution and have shown that the maximum 

likelihood estimate of the shape parameters. 
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Fig. 3: A Block Diagram Representation Of BNMF-HMM 

With Three states 

C. Online Noise Basis Learning for BNMF: 

 A scheme to learn the noise basis matrix from the noisy 

data is presented in this subsection. The online adapted 

noise basis is then employed to enhance the noisy signal 

using the BNMF approach, similarly to III-A with only one 

state in the HMM. The proposed online learning has 

introduced a latency of around 15 frames in the adaption of  

the noise basis. In general, this delay depends on both N and 

the time alignment of the signals, but it is always upper 

bounded by 2N –q short-time frames. 

 

IV. EXPERIM ENTS AND RESULTS 

The proposed NMF-based speech augmentation systems   is 

evaluated in  this  section.  The experiments are categorized 

as supervised and unsupervised speech enhance- ment  

methods.The  noise reduction systems where for each noise 

type we have access to some training data. Evaluation of the 

unsupervised denoising schemes is also presented  where 

we assume that we don’t have training data for some of the 

noise types. 

  In our simulations, all the signals were down-

sampled to 16 kHz and the DFT was implemented using a 

frame length of 512 samples and 0.5-overlapped Hann 

windows. The signal synthesis was performed using the 

overlap-and-add procedure.  

  For all the BNMF-based methods, a universal 

speaker independent speech model with 60 basis vectors is 

learned. The choice of dictionary size is motivated by our 

previous study. Moreover, for the BNMF-based approaches 

the long-term SNR was estimated using to obtain the 

priors.The difference in the performance is even larger with 

respect to     SegSNR and PESQ, shown in Fig.4. As it is 

shown in this figure, Online BNMF outperforms the 

BNMF-HMM (and the other methods) with a large margin. 

To have a better  understanding on how Online 

BNMF and BNMF-HMM schemes behave for different 

noise types, we evaluated SDR and PESQ over short 

intervals of time. To do so, the noisy and enhanced 

speech signals were windowed into  segments  of  5  

seconds  and  then  for  each  segment  a SDR and PESQ 

value was calculated. Fig. 5 shows such results as a function 

of window index. The boundary of the underlying   noise  

types  is  shown  in  green  in  six  different levels in which 

segments belong to factory, babble, city traffic, highway 

traffic, ocean, and hammer noises, respectively from left to 

right. As can be seen in the figure, for the first three noise  

types  for  which  a  noise-dependent BNMF  model  is 

learned offline the BNMF-HMM approach works 

marginally better than the Online BNMF. But, for the 

last three noise types Online BNMF outperforms BNMF-

HMM significantly. The difference is highest for the 

hammer noise; this is due to our observation that the 

hammer noise differs more from either factory, babble or 

city traffic noises than highway traffic or ocean noises do. 

Therefore, neither of the pre-trained models can explain the 

hammer noise well, and as a result, the overall performance 

of the BNMF-HMM degrades whenever there is a large 

mismatch between the training and the testing signals 

    Online BNMF and BNMF HMM can be made 

considering the computational complexity. In these 

simulations Online BNMF runs twice as fast as BNMF-

HMM with three states. Moreover, this Matlab 

implementation of the Online BNMF runs in approximately 

5-times real time in a PC with 3.8 GHz Intel CPU and 2 GB 

RAM. 

 
Fig. 4.   PESQ And Segmental SNR (Segsnr) 

Improvements Gained By The Unsupervised Enhancement 

Systems 

 
Fig. 5: SDR and PESQ measured over short intervals of 

5-second long. Six different levels shown in green 

correspond to factory, babble, city traffic, highway traffic, 

ocean, and hammer noises, respectively from left to right. 

For the BNMF-HMM approach, only three noise models 

corresponding to the first three noises are learned; for the 

other noise types, the estimator chooses a model that can 

describe the noisy observation better than the other models. 

V. CONCLUSION 

This paper investigated the application of NMF in speech 

enhancement systems. We developed speech enhancement 

methods using a Bayesian formulation of NMF (BNMF). 

We proposed two BNMF-based systems to enhance the 

noisy signal in which the noise type is not known a priori. 
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We developed an HMM in which the output distributions 

are assumed to be BNMF (BNMF-HMM). The developed 

method Performs a simultaneous noise classification and 

speech enhancement and therefore doesn’t require the noise 

type in advance. Another unsupervised system was 

constructed by learning the noise BNMF model online, and 

is referred to as Online BNMF. Our experiments showed 

that a noise reduction system using a maximum likelihood 

(ML) version of NMF  with a universal speaker-independent 

speech model  doesn’t outperform state-of-the-art 

approaches. However, by incorporating the temporal 

dependencies in form of prior distributions and using 

optimal MMSE filters, the performance of the NMF based 

methods increased considerably. The Online BNMF method 

is faster than the BNMF-HMM and was shown to be 

superior when the underlying noise type was not included in 

the training data. Our simulations showed that the suggested 

systems outperform the Wiener filter and an MMSE 

estimator of speech short-time spectral amplitude (STSA) 

using super-Gaussian priors with a high margin while they 

are not restricted to know any priori information that is 

difficult to obtain in practice. 
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