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ABSTRACT 
Reducing interference due to noise in a noisy speech has been a necessary task for many years. The unwanted noise in the 

background can reduce the quality of the speech signal to a considerable amount. Therefore, the aim of the noise reduction 

algorithms is to improve the quality and intelligibility of the enhanced signal. At non-stationary noisy conditions, the statistical 

model-based enhancement methods are less effective whereas the template-based enhancement algorithms can contract with 

them well. But, template-based enhancement will usually rely on some priori information about the signal which can be made 

available all the time. To overcome the disadvantages of both the above said approaches, we introduce a new method to enhance 

the speech that combines the statistical model-based enhancement with the template based ENMF gain function. Experimental 

results showed that the new proposed method outperformed not only the statistical model-based and ENMF approaches, but also 

their combination in various noise environments. With the implementation of this combined speech enhancement algorithm, the 

speaker identification module is able to easily identify the speaker at supervised, semi-supervised and unsupervised conditions 

even at 0dB input noise level resulting in output SNR of 13.45dB and PESQ of 2.4 out of 4.5 

 

KEYWORDS:  Speech Enhancement; Enhanced Nonnegative Matrix Factorization (ENMF); Harmonic Noise Model(HNM); 

Weiner Filter; Enhanced Speech; Signal to Noise Ratio (SNR); Perceptual Evaluation of Speech Quality (PESQ). 

 
INTRODUCTION  

 
 Communication through speech is the purposeful activity of information exchange and is a fundamental 
means of human communication. Speech enhancement or noise reduction has been one of the main investigated 
problems in the speech community for a long time. In any form of distance communication, the speech signal in 
one way or the other is corrupted by some type of noise, which in turn results in degraded speech. The degraded 
speech cannot be of good quality so that the necessary information can be obtained. Suppression of the noisy 
background noise is a challenging task. Therefore, the noise reduction algorithm aims at estimation of clean 
speech signal from the noisy speech thereby improving the quality and intelligibility of the enhanced signal. 
Single channel Speech Enhancement can be of two major forms like statistical model based and Template based 
Speech Enhancement. In statistical model, Speech and noise bases are said to have separate parametric 
distributions. These parameters are estimated from the input signal. The major advantage in statistical model 
based approach is that priori information is not required for processing of speech signals. But this approach is 
suitable only for stationary noise conditions, for non-stationary condition this method does not perform well. 
Some examples of this model includes the codebook based approaches, e.g., [1], Hidden Markov model (HMM) 
[2], Gaussian mixture model (GMM) [3], Harmonic Noise Model (HNM) [4]. On the other hand, the template-
based techniques make use of the a priori information of speech or noise database unlike statistical model. A 
priori information can be typical patterns or statistics obtained from a speech or noise database (DB). Few 
methods that follows template based approach are spectral subtraction [5], Wiener and Kalman filtering, [6], 
minimum mean square error (MMSE) estimators [7], estimators based on super-Gaussian prior distributions for 
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speech DFT coefficients [8] and Non- Negative Matrix Factorization (NMF) [9] and its enhanced form called 
ENMF[10] . The NMF and its enhanced version approach uses dictionary learning approach [11]. These types 
of approaches are more robust to non-stationary noisy environmental conditions since there is no strict 
assumption made on the nature of the noise in contrast to the statistical model. In HNM analysis, it consists of 
the estimation of the parameters of the harmonic and noise part [12], [13]. With ENMF, the estimation of clean 
speech and noise’s basis spectra are done initially using its own training samples. Then, the spectral bases of 
both speech and noise are together used to span the magnitude spectrogram of speech. At the end, the spanned 
portion of the clean speech bases is extracted and used to produce the enhanced speech signal [14]. ENMF-
based speech enhancement has been extensively used since it performs better. In this paper we combine the 
advantage of both the ENMF and HNM process thereby providing a better way for speech enhancement. By 
combining ENMF and HNM it is said to perform well in both stationary and non-stationary conditions. 
 The outline of this paper is organized as follows. Section II describes the ENMF-HNM. Section III, describes 
the evaluation results and performance of objective measures of enhanced speech. Finally, Section IV the paper is 
concluded. 
 

I. Methodology Used: 
 In this work, a cascaded structure is constructed that combines a statistical model-based enhancement (HNM) 
and a template-based approach (ENMF) to work well for all the noisy condition. The proposed approach can deal 
with the speech and noise patterns which are not included in the training database, and consequently is less 
vulnerable on the incomplete a priori information.  
 

 
 
Fig. 1: Block Diagram of Speech Enhancement System. 
 
A. Harmonic Noise Model-Weiner Filter: 
  

 
 
Fig. 2: Block Diagram of Harmonic Noise Model- Weiner Filter. 
 
 The HNM analysis consists of the estimation of the parameters of the harmonic and noise part. The first 
parameter to be estimated is the fundamental frequency. This is followed by the voiced/unvoiced decision. In 
the case of voiced segments, the maximum voiced frequency can then be determined. Note that the accuracy of 
these three estimators greatly influences the quality of the synthetic speech generated by HNM synthesis. The 
remaining parameters are estimated pitch-synchronously, so the analysis time instants are defined. The 
amplitudes and phases of the harmonics are then calculated. Finally the parameters of the noise part are 
computed. As a result, the clean speech signal is estimated using a single Wiener filter that corresponds to the 
dominant state and mixture pair, and it is used in the next iteration. 
 The basic principle of wiener filter is to optimize its coefficient to minimize the average squared distance 
between a desired signal and the filter output. The typical applications of wiener filter are additive noise 
reduction, linear prediction, signal restoration and system identification. Given a time series x(0), x(1), x(2), 
…,x(n) which is the input signal of filter, a linear discrete-time filter with the output y(n) that generates the best 
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estimation of the desired signal d(n), is to be designed. We confine the filter to be used to FIR filter because a 
large amount of computation is needed for the combination of adaptivity and feedback when an IIR filter needs 
to be designed. The criterion of the statistical optimization is a minimized mean square distance between y(n) 
and d(n) which is dependent on the unknown coefficient of the filter. 
 For implementation of Harmonic Noise Model with wiener filtering, the phase and pitch are estimated from 
the pre-cleaned speech, which can be given as input to the linear harmonic model, magnitude and phase of the 
harmonic output is computed, the offset of harmonics are performed to reduce the noise content, then wiener 
filtering along with kalman tracking is applied to get further enhanced output. 
 
B. Non-Negative Matrix Factorization: 
 NMF is used to estimate the clean speech from a noisy observation. Traditionally the following update rules 
have been used iteratively to minimize equation. 

 

 
 The Maximum Likelihood estimates of T and V were derived using the Expectation Maximization 
algorithm. We denote the matrix of complex DFT coefficients of clean, noisy speech, and noise signals by Y, S, 
and N, respectively. To apply NMF, we first obtain a NMF transformation of these matrices, which are denoted 
by V, X, and U. 
 Let us consider a supervised denoising approach where the basis matrix of speech W(s) and the basis matrix 
of noise W(n) are learned using some appropriate training data (Xtr and Utr) prior to the enhancement. The clean 
speech spectrum’s estimate is obtained by a Wiener-type filtering as 

 
 where, the division is performed element-wise, and x denotes an element wise multiplication. 
 The clean speech signal is then estimated as xˆt = W(s)h(s)t. Although it is not explicit, to make 
regularization meaningful, the statistics of the speech and noise NMF coefficients have to be adjusted according 
to the long-term levels of speech and noise signals. 
 One advantage of the ENMF-based approaches over the HNM-based or codebook - driven methods is that 
ENMF automatically captures the long-term levels of the signals, and no additional gain modelling is necessary. 
The ENMF denoising algorithm is given as follows. Two separate dictionaries, one for speech and the other for 
noise, which has to be updated offline. On estimation of noisy speech, it first computes the scale of the Short-
Time-Fourier-Transform. Secondly, we have to split it into two parts by the use of ENMF algorithm; one can be 
represented through speech dictionary, and the other part with noise dictionary. Third, the part which is 
represented by the speech dictionary will be the estimated clean speech. 
 
C. Enhanced Negative Matrix Factorization(ENMF): 
 The proposed method of a novel extension of Non-negative Matrix Factorization (NMF) is Enhanced NMF 
or Mixture of Local Dictionaries algorithm. In this model a signal with multiple local dictionaries that are 
sparsely activated. This set of local dictionaries for a source, e.g. speech, disjoint constitutes a superset that is 
more discriminative than an ordinary NMF dictionary because its local structures represent the source’s 
manifold better. A block sparsely constraint is used to regularize the NMF solutions so that only one or a small 
number of blocks are active at a given time. Moreover, a concentration prior further regularizes each block of 
bases to be close to each other for better locality preservation. The proposed Mixture of Local Dictionaries 
(MLD) or Enhanced NMF algorithm on single channel speech enhancement tasks shows that it outperforms the 
state of the art technology by up to 2dB in signal-to-distortion ratio (SNR), especially in the unsupervised 
environment where neither the speaker identity nor the type of noise is known in advance.  
 The proposed MLD model intends to preserve the manifold of the source data in a more controlled way. The 
benefit of using MLD comes from the following points: 
• During training MLD discovers several convex cones per a source, each of which covers a chunk of similar 
spectra across all speakers rather than just one per a speaker. 
• For each convex cone, MLD penalizes the difference between the local dictionary and it’s a priori such as in 
the Maximum A Posteriori (MAP) estimation. Therefore, the learned bases are eventually more concentrated on 
the prior. As a result, each convex cone covers a smaller area than USM or NMF cases. 
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• During de-noising MLD activates only a small number of dictionaries for a given noisy input spectrum. 
Because MLD makes this decision in the frame-by-frame way, the model dynamically finds an optimal fit while 
USM approach does this in a global sense over time. 
 A model for learning Mixture of Local Dictionaries (MLD) along the lines of recent attempts, preserve the 
manifold of the audio spectra. The basic idea is to learn dictionaries using the sparse coding concept to better 
approximate the input. Particularly in a non-parametric over complete dictionary model was proposed that fully 
makes use of the entire training spectra instead of discarding them after learning their convex model. This 
method encourages the source estimates to lie on the manifold by approximating them with only a very small 
number of training samples. A succeeding model proposed a more direct way by encompassing only the nearest 
neighbors for the source estimation. 
 

RESULTS AND DISCUSSION 
 
 The performance evaluation of the proposed system is done using NOIZUES speech corpus’s database. This 
database contains IEEE sentences produced by 3 male and 3 female speakers and was corrupted by 8 different 
real time noises at various levels of SNR. The sentences were originally sampled at 25 KHz and down sampled 
to 8 KHz. Noise signals from the AURORA database is taken as input and included the following recordings 
from different places: babble (crowd of people), car, restaurant, exhibition hall, street, airport, train, station, and 
train. The noise signals were added to the speech signals at SNRs of 0, 5, 10, and 15dB. From NOIZEUS 
database, different noise signals are added to the speech signal and are denoised using HNM based ENMF 
modeling with different Signal to Noise Ratio (SNR) levels. 
 
D. Spectrogram Comparison:  

 
 
Fig. 3: Waveform and Spectrogram of Noisy Speech and ENMF Enhanced Speech of 0dB babble noise. 
 
 Figure 3 shows Spectrograms and waveforms of Babble noise of 0dB. Figure 3(a) shows the Waveform of 
Input Noisy Speech Signal. It shows that the harmonic part is not clearly visible due to corruption by noise. 
There is a tradeoff between residual noise suppression and spectral distortion, which degrades the speech signal. 
Fig 3(b) shows the enhanced speech signal, which is the output of template based ENMF method. The reduction 
in noisy part of the signal can be seen from the enhanced waveform. By the estimation of speech cepstrum co-
efficients of every frame this enhancement can be obtained. Fig 3(c) shows the waveform comparison of noisy 
speech and enhanced speech signal. It can be viewed that the enhancement can be obtained by using ENMF 
method. 
 Fig 3(d) shows the Spectrogram of Input Noisy Speech Signal. It can be seen clearly from the spectrogram 
that the harmonic part of the signal is corrupted by noise. The spectrogram of noisy signal corrupted with babble 
noise of 0dB SNR. The speech signal is separated into several frames. For this 0 dB input SNR, when the 
corrupted signal is run through the ENMF algorithm, the output SNR is 15.97 dB. Fig 3(e) shows the enhanced 
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speech spectrogram. In this spectrogram it can be seen that the harmonic part is clearly visible. The visible 
harmonic parts shows that the noisy parts contained in the speech signal are drastically reduced by combining 
the model based and template based approaches. Better improvement in SNR values is also obtained. 
 

 
 
Fig. 4: Waveform and Spectrogram of Noisy Speech, HNM-Weiner Enhanced Speech of 0 dB babble noise. 
 
 Similarly Figure 4 shows the waveforms and spectrograms of noisy, enhanced speech output of HNM-
Weiner. Figure 4 is same as Figure 3 but the algorithm which is used here is HNM-Weiner. Fig 4(e) shows the 
enhanced speech spectrogram. In this spectrogram it can be seen that the harmonic part is clearly visible. For 
this 0 dB input SNR, when the corrupted signal is run through the ENMF algorithm, the output SNR is 10.80 
dB.  

 
 
Fig. 5: Waveform and Spectrogram of Noisy Speech, combined ENMF and HNM-Weiner Enhanced Speech of 

0 dB babble noise. 
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 Figure 5 shows the waveform and spectrogram of combined Enhanced NMF and HNM-Weiner. Compared 
to Figure 3 and 4 it can be seen from figure 5(d) that the harmonic parts are clearly visible due to cascaded 
enhancement of moth model based and template based methods. For this 0 dB input when the corrupted signal is 
run through combined ENMF and HNM-Weiner algorithm, the output SNR is 16.54 dB. From the spectrogram 
output it can be seen that combined method works well in both stationary and non-stationary conditions for all 
types of input noisy speech. 
 
 Speech Quality Assessment: 
 Generally, assessing the quality of speech falls into two categories; subjective and objective quality 
measures. Subjective quality measures are based on link between original and processed speech data by a 
listener or a panel of listeners. Another one is objective evaluation which is as described below. 
 
Objective Evaluation: 
 Objective speech quality measures are evaluated from the original accurate speech and the distorted speech 
using mathematical manipulations. Since it need not require human listeners, it is less expensive and also less 
time consuming. Typically, objective measures are calculated as some Euclidean distance, between objective 
measurements for the reference speech and the objective measurements for the distorted speech. 
 
E. SNR Estimation: 
 Signal-to-Noise Ratio (SNR) is one of the oldest and widely used objective measures. It is simple to 
calculate, but requires both noisy and clean speech samples. SNR can be calculated as follows 

 
 where, x(n) is the clean speech, xˆ(n) the distorted speech, and N the number of samples. 
 
Table 1: Results of output SNR with different Input SNR. 

NOISE TYPE INPUT SNR HNM WEINER ENMF ENMF-HNM WEINER 

 
BABBLE 
NOISE 

0 dB 9.6972 11.3084 13.4523 
5 dB 9.8181 12.1713 14.6984 
10 dB 13.8885 10.6510 16.2589 
15 dB 16.3256 18.3654 19.3574 

 
 From Table I, it can be seen that the output SNR values of the combined method is comparatively high 
when compared to the individual HNM and ENMF when used in speech enhancement system. The SNR value 
of 19.35 dB is achieved for input SNR level of 15dB and thus the performance of the developed system is found 
to be satisfactory. 
 

 
 
Fig. 6: Output SNR comparison for ENMF, HNM Weiner and ENMF-HNM Weiner. 
 
 Figure 6 shows the SNR Comparison in dB for 0 dB Babble noise. It can be seen from the figure that 
compared to HNM-Weiner and ENMF methods, ENMF-HNM showed improved performance for various noise 
types and at various Input SNR levels. 
 
F. PESQ  Estimation: 
 The Perceptual Evaluation of Speech Quality (PESQ) is an international standard for estimating the Mean 
Opinion Score (MOS) from both the clean signal and its degraded signal. PESQ uses a perceptual model to 
covert the input and the degraded speech into an internal representation. The degraded speech is time-aligned 
with the original signal to compensate for the delay that may be associated with the degradation. The difference 
in the internal representations of the two signals is then used by the cognitive model to estimate the MOS. The 
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PESQ values obtained using ENMF-HNM method and the same methods when used separately are compared 
and the values are tabulated. 
 
Table 2: Results of PESQ with different Input SNR. 

 
NOISE TYPE 

 
BABBLE NOISE 

INPUT SNR 
(dB) 

HNM 
WEINER 

ENMF ENMF-HNM WEINER 

0 dB 2.3998 0.9689 2.0302 
5 dB 2.3740 1.2497 2.2082 
10 dB 2.4431 0.7456 2.2688 
15 dB 2.2771 0.8365 2.3659 

 
 From Table II, it can be seen that the output PESQ values of the combined method is comparatively high 
when compared to the individual HNM and ENMF when used in speech enhancement systems. The maximum 
PESQ value of 2.3659 is achieved for input noise level of 15dB and thus the performance of the developed 
system is found to be satisfactory. Overall from the estimated values of PESQ and SNR it can be seen that the 
combined method performs better than ENMF and HNM when used for speech enhancement separately. 
 

II. Conclusion: 
 A speech enhancement method which combines statistical model-based approach and template based ENMF 
approach with speech and noise bases update is developed. By the combination of two distinct approaches, non-
stationary noises can be handled and the dependency on the a priori information of speech and noise is reduced. 
The developed method performs speech enhancement at various noisy conditions and also doesn’t require the 
noise type in advance. The combined algorithm shows the better results compared to the existing algorithms. 
The evaluation parameter, SNR and PESQ showed better results even at various noise levels. The future work of 
this project can be carried out by implementing different algorithms for model and template based methods, 
thereby further enhancement of speech can be achieved. 
 

REFERENCES 
 
1. Srinivasan, S., J. Samuelsson, and W. Kleijn, 2006. “Codebook driven short term predictor parameter 

estimation for speech enhancement,” IEEE Trans. Audio, Speech, and Language Process., 14(1): 163 - 176. 
2. Veisi, H., H. Sameti, 2013. “Speech enhancement using hidden Markov models in Mel-frequency domain,” 

Speech Communication, 55(2): 205–220. 
3. Mohammadiha, N., R. Martin and A. Leijon, 2013. “Spectral domain speech enhancement using HMM 

state-dependent super-Gaussian priors,” IEEE Signal Process. Letters, 20(3): 253–256. 
4. Laroche, J., Y. Stylianou and E. Moulines, 1993. "HNM: A simple, efficient harmonic plus noise model for 

speech", Proc. Workshop Applicat. Signal Process. Audio Acoust. (WASPAA), 169 -172.  
5. Porter, J., S. Boll, 1984. “Optimal estimators for spectral restoration of noisy speech”, Proceedings of IEEE 

International conference on Acoustics, Speech, and Signal Processing (ICASSP’84), California, USA, 53-
56. 

6. Lim, J.S. and V.O. Alan, 1979. “Enhancement and bandwidth compression of noisy speech,” Proceedings 
of the IEEE, 67(12): 1586–1604. 

7. Chen, B. and P.C. Loizou, 2007. “A Laplacian-based MMSE estimator for speech enhancement,” Speech 
Communication, 49(2): 134– 143. 

8. Erkelens, J.S., R.C. Hendriks, R. Heusdens and J. Jensen, 2007. “Minimum Mean-Square Error estimation 
of discrete Fourier coefficients with generalized Gamma priors,” IEEE Trans. Audio, Speech, and Language 
Process., 15(6): 1741–1752. 

9. Wilson, K.W., B. Raj and P. Smaragdis, 2008. “Regularized non-negative matrix factorization with 
temporal dependencies for speech denoising,” Interspeech, 411–414. 

10. Sigg, C.D., T. Dikk and J. Buhmann, 2012. “Speech enhancement using generative dictionary learning,” 
IEEE Trans. Audio, Speech, Lang. Process., 20(6). 

11. Akarsh K.A. and R.S. Selvi, 2015. “Speech enhancement using non negative matrix factorization and 
enhanced NMF” IEEE Conference Publications Circuit, Power and Computing Technologies (ICCPCT), 
Pages: 1-7. 

12. Qin Yan Saeed Vaseghi Esfandiar Zavarehei Ben Milner, 2006. “Kalman filter with linear predictor and 
harmonic noise models for noisy speech enhancement”, 14th European Signal Processing Conference 
(EUSIPCO 2006), Florence, Italy, 4-8. 

13. Yannis Stylianou, 2001. “Applying the Harmonic Plus Noise Model in Concatenative Speech Synthesis”, 
IEEE Transactions On Speech And Audio Processing, 9-1.  

14. Kisoo Kwon, Jong Won Shin, Nam Soo Kim, 2015.“NMF-Based Speech Enhancement Using Bases 
Update”, Signal Processing Letters, IEEE, 2015,  22(4): 450 – 454. 



343                Shanthini V. et al., 2016/ Advances in Natural and Applied Sciences. 10(9) Special 2016, Pages: 336-343 

 

15. Wilson, K.W., B. Raj, P. Smaragdis and A. Divakaran, 2008. “Speech denoising using nonnegative matrix 
factorization with priors,” in IEEE Int. Conf. Acoustics, Speech and Signal Processing. 

16. Mohammadiha, N., P. Smaragdis and A. Leijon, 2013. “Supervised and Unsupervised Speech Enhancement 
Using Nonnegative Matrix Factorization,” IEEE Trans. Audio, Speech, and Language Process., 21(10): 
2140–2151. 

17. International Telecommunications Union, 2001. Perceptual evaluation of speech quality (PESQ): an 
objective method for end-to-end speech quality assessment of narrow-band telephone networks and speech 
codecs. ITU-T Recommendation, 862. 

18. Kay, S.M., 1993. Fundamentals of Statistical Signal Processing, Volume I: Estimation Theory. Prentice 
Hall. 


