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NMF-Based Speech Enhancement
Using Bases Update
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Abstract—This letter presents a speech enhancement technique
combining statistical models and non-negative matrix factoriza-
tion (NMF) with on-line update of speech and noise bases. The
statistical model-based enhancement methods have been known to
be less effective to non-stationary noises while the template-based
enhancement techniques can deal with them quite well. How-
ever, the template-based enhancement techniques usually rely
on a priori information. To overcome the shortcomings of both
approaches, we propose a novel speech enhancement method
that combines the statistical model-based enhancement scheme
with the NMF-based gain function. For a better performance in
time-varying noise environments, both the speech and noise bases
of NMF are adapted simultaneously with the help of the esti-
mated speech presence probability. Experimental results showed
that the proposed method outperformed not only the statistical
model-based and NMF approaches, but also their combination in
various noise environments.

Index Terms—Non-negative matrix factorization, on-line bases
update, statistical model-based enhancement.

I. INTRODUCTION

T WO major classes of single channel speech enhancement
techniques may be the statistical model-based and tem-

plate-based approaches [1]–[14]. In the methods falling in the
former category, speech and noise are assumed to have separate
parametric distributions for which the parameters are estimated
from the input signal [1]–[4]. In most of the cases, these ap-
proaches perform voice activity detection (VAD) implicitly or
explicitly and compute the gains based on the assumed statis-
tical models and estimated parameters. One of the significant
advantages of the statistical model-based techniques is that the
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models do not need to be trained a priori. Since, however, the
statistical models are constructed based on a stationarity as-
sumption, the performance deteriorates when the background
noise is highly non-stationary.
On the other hand, the template-based techniques utilize

specific types of the a priori information of speech or noise
[5]–[11]. A priori information can be typical patterns or statis-
tics obtained from a speech or noise database (DB). One of the
predominant approaches in this category is non-negative matrix
factorization (NMF) or dictionary learning [5]–[8]. There have
also been other attempts such as finding the longest matching
segments in the corpus segments [9], sparse combinations of
the training data [10], and graph-based processing for transient
noises [11]. These approaches are more robust to non-stationary
noise environments since there is no strict assumption made on
the nature of the noise in contrast to the statistical model-based
methods.
A number of attempts have been made to combine the two

aforementioned techniques to achieve better performance. In
[9], a template-based method is used to estimate the speech
magnitude spectrum, while it is applied to obtain the noise
power spectral density (PSD) in [12]. These two methods com-
pute Wiener filter type gain functions using the PSD’s obtained
from the template-based approaches. In contrast, [13] applies a
template-based algorithm to the output of a Wiener filter. This
method can take advantage of both the statistical model-based
and template-based approaches, but the Wiener filter output
may be distorted without any update of the model. We can also
find the combination between NMF-based enhancement and
VAD in [14] where it is reported that the performance degrades
if the trained noise model is different from the actual noise
environment.
A majority of template-based approaches employ batch pro-

cessing which determines the bases based on the entire training
dataset [5], [6], [15], [16]. Recently, several on-line methods
have been proposed for the bases update. In [7] and [17], the
bases are updated based on buffered input frames, while they
are updated based on a matrix that summarizes the information
of the past and the present inputs in [18] and [19]. In [20], pre-
vious basis matrix and the current input are used for bases up-
date. Unfortunately, however, these methods cannot be directly
applicable to update multiple sets of bases simultaneously when
each set corresponds to separate source.
In this letter, we propose a cascaded structure that combines a

statistical model-based enhancement and a template-based ap-
proach with simultaneous update of speech and noise bases. In
virtue of the bases update considering the speech presence prob-
ability (SPP), the proposed approach can deal with the speech
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and noise patterns which were not included in the training data-
base, and consequently is less vulnerable on the incomplete a
priori information. Experimental results showed that the pro-
posed algorithm outperformed not only the statistical model-
based and NMF-based methods but also the combination of
them.

II. NMF-BASED SPEECH ENHANCEMENT USING
SPECTRAL GAIN FUNCTION

In the NMF analysis of the magnitude spectra, a data set
is reconstructed by the product of a basis matrix
and an encoding matrix ( )

where and denote the numbers of frequency bins and time
frames, respectively, and is the number of basis vectors. For
speech enhancement, we assume that consists of speech basis
matrix and noise basis vectors ,
i.e., where and indicate
the numbers of corresponding basis vectors while becomes

with denoting matrix trans-
pose [5]–[10], [12]–[16]. In the training stage, and are
trained separately with clean speech and noise, respectively. If
the Kullback-Leibler divergence (KL divergence) is chosen as
a distance metric, the update rule is given as [21]

(1)

(2)

where subscript indicates either speech or noise,
is constructed by stacking the magnitude spectra of the training
DB for each source with denoting the total number of frames
in the training DB for source , and denote the element-wise
multiplication and division of matrices, and is a square matrix
of proper size with all its elements equal to one. The updates
given by (1) and (2) are iterated for a sufficient number of times.
At the speech enhancement stage, an optimal spectral gain

is determined based on the speech and noise estimates derived
from the NMF analysis. Let , and

denote the short-time Fourier transform (STFT)
coefficients of the noisy speech, clean speech and noise, respec-
tively, for the -th frame. Then according
to the additive noise assumption. In this work, the NMF anal-
ysis is performed on the magnitude spectrum domain with the
data set being given by where
denotes element-wise magnitude.
In each frame of the input data, an encoding vector

is computed using the itera-
tion (1) while fixing the basis matrix . For this iteration,
is initialized by , the encoding vector estimated in the
previous frame, and is randomly initialized. For the stop-
ping rule, we apply the normalized stopping criterion [17] with
a maximum number of iteration.
Once is calculated, the speech and noise magnitude

spectra estimates, and , are obtained as

(3)

In our approach to speech enhancement, these speech and noise
magnitude spectra estimates are applied to derive the spectral
gain function with indicating the frequency index.
The spectral gain function is formulated based on a
specific statistical model and an optimality criterion, and in this
work we employ the minimum mean square error-log spectral
amplitude (MMSE-LSA) [1] technique where the gain is given
by

(4)

in which is the a priori signal-to-noise ratio (SNR) and
is the a posteriori SNR for the -th frequency bin at

frame . As in most of the conventional statistical model-based
speech enhancement techniques, the a priori and a posteriori
SNR’s are estimated through temporal smoothing of the power
spectra given as follows:

(5)

where and respectively denote the smoothed
speech and noise PSDs for the -th frequency bin at frame
with and being the smoothing factors, and in-

dicates the -th element. Finally, the enhanced speech spec-
trum at the -th frame is obtained according to

for .

III. SPEECH ENHANCEMENT COMBINING STATISTICAL
MODEL-BASED AND NMF-BASED METHODS

WITH THE ON-LINE BASES UPDATE

The proposed speech enhancement system has a cascaded
structure in which the first stage is a statistical model-based en-
hancement (SE) while the second stage consists of NMF-based
noise reduction with the on-line update of both speech and noise
bases. The overall block diagram of the proposed technique is
illustrated in Fig. 1, in which all the blocks run on-line. The
first stage performs SE, which produces a pre-enhanced signal

with better SNR for the second stage. The second stage
implements an NMF-based enhancement module introduced in
Section II for which the KL divergence and MMSE-LSA esti-
mator [1] are adopted for the distance metric of NMF analysis
and spectral gain function, respectively, and , the input to
the NMF analysis, is given by the magnitude spectra of the SE
output, i.e., . Both the speech and noise bases
are updated with the help of SPP to cope with speech and noises
unseen during training. The SPP is computed from the final en-
hanced speech in the same way as in SE, and the bases updated
at the -th frame is used for the NMF analysis at frame .
Cascading additional SE or NMF-based enhancement stages did
not give any performance improvement over the current struc-
ture, maybe because they do not utilize any new characteristics
of the signals.
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Fig. 1. Block diagram of the proposed speech enhancement method.

A. On-Line Update of Speech and Noise Bases

At each frame, once we obtain the clean speech estimate, we
update the speech and noise bases for the NMF analysis in the
following frame. This on-line bases update makes it possible to
deal with the speech and noise variations that cannot be covered
by the training DB and is considered a promising way to cope
with the non-stationary nature of the signal.
Even though the first stage output is fed as an input

to the second stage, speech bases update using solely
may mislead the whole enhancement procedure. This is be-
cause possesses distorted speech components, which
is unavoidable in most of the statistical model-based speech
enhancement techniques. For this reason, we update the speech
and noise bases so that they can represent not only but
also better. Therefore, the data set used for the
on-line bases update is constructed by concatenating and

, which showed better performance than using
or only, or using and for the updates of

and , respectively. is an matrix while the
number of basis vectors to be updated is which is much
larger than 2. This turns out to be a severely underdetermined
condition and we cannot anticipate a reasonable bases update.
For this reason, we add a regularity term to the original objec-
tive function as follows:

(6)

where and
are the encoding and basis matrices for , re-

spectively, denotes the basis matrix
used to analyzed the -th frame in the second stage,
denotes the KL divergence between and , and is a
constant which controls the trade-off between the reconstruc-
tion error and the deviation from the previous basis matrix. The
iterative update rule is derived in a similar manner to the orig-
inal NMF update rule [21] with a slight modification due to the
regularity term as follows:

(7)

where is randomly initialized and is initialized by
. Although the convergence is not proven like the update

rule of the original NMF [22], [23], a continual descent of the
objective function was observed in the experiments. The stop-
ping criterion was the same as Section II.
The basis matrix and the corresponding encoding ma-

trix obtained after the iterative update can represent the
data set well. However this does not
mean that is a better estimate for the
basis matrix than . Particularly when the speech compo-
nent is very weak or absent in the current frame, cannot
be considered a good estimate for the speech basis matrix.
In order to alleviate this difficulty, we use the SPP

, each element of which represents the prob-
ability of speech activity in a specific frequency bin, to control
the update of speech and noise bases. In the implementation,

is estimated from the final enhanced speech spectra in a
similar manner to [4]. In this approach, the speech and noise
basis matrices which will be used for the next frame are deter-
mined as follows:

(8)

(9)

where and are the maximum
update rates for and , and ,

, and are all-one matrices.
This interpolation enables a robust update of the speech and
noise basis matrices leading to a stable speech enhancement
performance.

B. Determining Maximum Update Rates

It is clear that needs to be updated quickly when it does
not match the actual speech and noise and vice versa. To achieve
this goal, the maximum rates of the on-line bases update,
and , should be adaptively determined. In the proposed
algorithm, the normalized reconstruction error is used to deter-
mine and . The normalized reconstruction error is
defined as

(10)

where is obtained from the NMF-based enhancement
stage. Since, however, fluctuates too much from frame to
frame, it should be smoothed such that

(11)

where and are a smoothing constant and the smoothed
reconstruction error, respectively. Themaximum rates of speech
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and noise bases update, and , are now determined as
a non-decreasing function of as

(12)

where and are the upper limits of the update rates.

IV. EXPERIMENT

In order to evaluate the performance of the proposed
approach, we performed a series of speech enhancement ex-
periments. For the first stage SE module, we employed the
algorithm presented in [4], which provides not only the en-
hanced spectra but also the SPP estimate at each frame.
Speech and noise materials were selected from TIMIT and

NOISEX-92 DBs, respectively, and the sampling rate was
16 kHz. A 512 point fast Fourier transform with 75% overlap
was used. Each noise basis matrix was trained from 15 s-long
noise signal which was not included in the test DB. Speech
basis matrix was trained with 78 s-long clean speech spoken
by 26 speakers. The test data set comprised utterances spoken
by 16 speakers. The number of speech and noise basis vectors
was 40 each ( ). The parameter values related to
the on-line bases update and the smoothing were ,

, , , and .
The performance was not sensitive to these parameter values.
The performance was measured in terms of the ITU-T Rec-

ommendation P.862 Perceptual evaluation of speech quality
(PESQ) [25] score. We compared the performance of the
following four methods:
• : Only SE [4] was applied.
• : Only NMF based-enhancement was used without
the on-line bases update.

• : The cascaded form of and
without the on-line bases update was used. The noise basis
matrix was trained from the noise part of SE output.

• : with the on-line bases
update was used.

The processing time of the proposed algorithm was about
1.32 times of when both were implemented by matlab.
This shows that the on-line bases update does not require a
heavy computation.
The experiments were conducted in three different

conditions:
1) stationary noise environment with matched noise basis
2) stationary noise environment with mismatched noise basis
3) non-stationary and stationary noises environment with
mismatched noise basis

Matched noise basis means that the types of the noise for
training and test data are the same. On the contrary, mismatched
noise basis was derived from the noise DB different from the
actual noise of test DB. In the experiments with mismatched
noise basis, we trained the noise basis based on the white noise.
Table I shows the PESQ scores obtained with rather sta-

tionary noises such as factory2, F-16 cockpit (F-16), M109

TABLE I
PESQ SCORES FOR VARIOUS NOISES WITH MATCHED NOISE BASIS

TABLE II
PESQ SCORES FOR VARIOUS NOISES FOR WHICH NOISE BASIS

WAS TRAINED WITH WHITE NOISE

TABLE III
PESQ SCORES FOR VARIOUS NOISES MIXED WITH NON-STATIONARY
MACHINEGUN NOISE AT 0 DB SNR WITH MISMATCHED NOISE BASIS

and Leopard noises when the tested noise type was included
in the training DB. The SNR for each noise type was set
to provide similar PESQ score for the unprocessed signals,
which ranged from to dB. From the result, we can see
that outperformed other enhancement
techniques.
Table II shows the PESQ scores obtained in the same noise

environments to Table I, but this time was trained withwhite
noise DB only. The performance of was poor since
did not match the actual noise. It is apparent that the on-line
bases update gave rise to a significant improvement on NMF
performance.
The PESQ scores obtained when the stationary noises that

were used in the previous experiments were mixed with the
non-stationarymachinegun noise are presented in Table III. It is
evident from the results that the proposed approach could also
deal with non-stationary noise well.

V. CONCLUSION

This letter has proposed a speech enhancement technique
combining statistical model-based and NMF approaches with
on-line update of speech and noise bases. The combination of
two distinct approaches in conjunction with the on-line bases
update enables an efficient suppression of non-stationary noises
even with mismatched training data. Experimental results have
shown that the proposed algorithm outperformed other methods
regardless of noise stationarity or match to the training DB.
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