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Abstract—Nonnegative matrix factorization (NMF) is a ma-
trix factorization technique that might find meaningful latent
nonnegative components. Since, however, the objective function
is non-convex, the source separation performance can degrade
when the iterative update of the basis matrix is stuck to a poor
local minimum. Most of the research updates basis iteratively to
minimize certain objective function with random initialization,
although a few approaches have been proposed for the systematic
initialization of the basis matrix such as the singular value
decomposition. In this paper, we propose a novel basis estimation
method inspired by the similarity of the bases training with
the vector quantization, which is similar to Linde-Buzo-Gray
algorithm. Experiments of the audio source separation showed
that the proposed method outperformed the NMF using random
initialization by about 1.64 dB and 1.43 dB in signal-to-distortion
ratio when its target sources were speech and violin, respectively.

I. INTRODUCTION

Over the recent years, nonnegative matrix factorization
(NMF) has been widely applied to many applications, and
it has shown impressive performances particularly in image
and audio signal processing [1]-[16]. NMF is a sort of latent
factor analysis technique for which unsupervised learning
algorithms are used to discover part-based representations
underlying the given nonnegative data. NMF has shown certain
benefits compared with other factorization schemes such as
the independent component analysis and principal component
analysis [1], [2], and it has been generally known that the part-
based representation is suitable for audio signal analysis [3].
Several distance metrics are employed such as the Euclidean
distance (EuD), Kullback-Leibler divergence (KLD), alpha-
divergence, beta-divergence and Itakura Saito-divergence, and
various optimization methods have been developed for each
distance measure [2], [4], [5]. Since the publication of [1],
numerous attempts have been made to improve NMF under
some specific conditions, which include sparse NMF [6],
Itakura-Saito NMF [2], convolutive NMF [7], discriminative
NMF [8], and so on.

In the NMF-based source separation, the basis matrix W
plays an important role. That is, the source separation perfor-
mance depends on how W is trained. Therefore, because of
the non-convexity of the specified objective function for NMF
analysis, the form of W is different from the initialization

and the optimized solution can be stuck on a local minima. It
implies that the overall performance significantly may depend
on the initial parameter values. For this reason, some previous
works apply the centroids of k-means clustering, singular
value decomposition (SVD)-based method for the basis and
encoding matrices during the training phase [17]-[22]. Though
some of these methods show a lower reconstruction error
and a faster convergence speed than those of the random
initialization, they do not consider the part-based feature of
NMF.

The conventional vector quantization task can be interpreted
as a special case of the matrix factorization where each basis
vector corresponds to a codeword and only a single basis is
activated at each time [23]. This analogy implies that the data
clustering techniques may be used for the initialization or
estimation of the NMF bases. Some of the previous works
initialize the NMF basis by the centroids of the training
data clusters [17]-[21]. Unfortunately, conventional codebook
training approaches such as the k-means algorithm can only
guarantee suboptimal solutions similar to the case of NMF
bases estimation and the final centroids are sensitive to the
initialization of the code vectors, and it is close to exemplar-
based approach if the number of cluster is somewhat large.
In [22], SVD-based approach is proposed and it shows a low
reconstruction error, but it cannot support the over-completed
bases.

In this paper, we propose a novel approach to estimate the
basis for the NMF analysis. The proposed method is based
on Linde-Buzo-Gray (LBG) [24] algorithm well-known in the
area of data compression and clustering. One of the prominent
features of this algorithms is that it increases the number
of bases in each step of the procedure. In order to evaluate
the performance of the proposed technique, we carry out an
experiment on target source separation. In the experimental
result, we can see that the proposed method outperformed the
other basis estimation methods.

II. NMF-BASED AUDIO SOURCE SEPARATION

In this paper, we particularly focus on audio signal sepa-
ration where a given data set V∈ Rm×n represents a data
set of n magnitude spectra. It is noted that the variables in



boldface capital letters denote matrices, while those which are
not in the boldface represent vectors. NMF approximates the
data set V as the product of a basis matrix W∈ Rm×r and
an encoding matrix H∈ Rr×n (V ≈WH) where m, n, and
r denote the numbers of frequency bins, short-time frames,
and basis vectors, respectively. For the objective function,
Euclidean distance (EuD) is employed as the distance measure
in this work. The optimization of the objective function is
based on the projected gradient descent (PGD) method where
the learning rate is decided according to [4]. The update rules
of the encoding and basis matrices during the training phase
are given as [4]

H← H− αH(WTWH−WWTV), (1)

W←W − αW (WHHT −VHT ). (2)

Each learning rate, αH and αW , becomes bigger until the
condition which guarantees the sufficient decrease of the
objective function is satisfied [4]. H and W are obtained by
iterative application of the update rules (1) and (2) for a fixed
number of iterations, and W and H are usually initialized
with nonnegative random values [1]-[16]. During the training
phase, the target and interfering basis matrices, WS and WN ,
are trained by each clean data set, separately.

In the separation phase, a noisy magnitude spectrum |Y (t)|
is approximated as |Y (t)| ≈WH(t) at each frame t with the
fixed basis matrix W = [WS WN ] obtained during the train-
ing phase where H(t) = [HS(t)

T HN (t)T ]T∈ R(rs+rn)×1

denotes the encoding vector of the mixed signal in the t-th
frame, and Y (t) and |·| denote the short-time Fourier transform
(STFT) coefficients of the noisy input and the element-wise
magnitude, respectively. Keeping W fixed, H(t) is computed
by iterating (1) for a fixed number of times in which HS(t)
and HN (t) are initialized to nonnegative random numbers.
After a fixed number of iterations, the magnitude spectra of
the target and interfering signals are estimated as follows:

|Ŝ(t)| = WSHS(t), |N̂(t)| = WNHN (t). (3)

Instead of directly using the estimated magnitude spectra in
(3), a spectral gain function similar to the Wiener filter is
adopted in [3] and [14].

III. INCREMENTAL APPROACH TO THE NMF BASIS
ESTIMATION

Because the general objective function of NMF is biconvex
in W and H, different algorithms and their initializations lead
to different solutions. It means that NMF algorithm does not
satisfy the uniqueness [25]. To get more accurate solutions
with complex models, carefully designed initializations or
regularizations may be needed. Since, however, it is hard to
exploit a general prior knowledge of the parts of a source data,
nonnegative random values have been widely applied for NMF
initialization. Although this method has shown a somewhat
proper performance experimentally [1], [20], due to the non-
covexity of the objective function and iterative nature of the

Fig. 1. Pseudo code for the proposed incremental approach to the NMF
basis estimation

Input: Matrix V = (V1, V2, · · · , Vn)∈ Rm×n,
integer k

Output: Matrix W∈ Rm×2k

1. W 0= centroid(V)
‖centroid(V)‖11

2. H0 = VTW 0

for i = 0 : k − 1
3. Wi+ = Wi + ε, Wi− = Wi − ε
5. Wtemp = [Wi+,Wi−]∈ Rm×2i+1

6. Htemp = [(Hi/2)T , (Hi/2)T ]T∈ R2i+1×n

7. Do NMF process by Wtemp and Htemp

−→Wi+1, Hi+1

8. Wi+1= Wi+1

‖Wi+1‖11
end
9. W=Wk

algorithm, it cannot be considered to provide an optimal initial
point for successful NMF analysis.

In this section, we propose novel approach to estimate the
basis for NMF analysis which is based on the clustering
approach. The proposed method is motivated by accepting
a general premise that the best basis is the centroid of the
whole training DB when the number of bases is set to one.
The core idea of the proposed approach is to estimate the
bases incrementally. The incremental approach where a new
centroid is searched at each step can be a good strategy for
basis estimation.

LBG algorithm is the most cited and widely used algorithm
on designing the vector quantization codebook [24], and it is
similar to the k-means algorithm in data clustering. At each
iteration of LBG, each vector is split into two new vectors.
LBG algorithm can be employed in the making of the basis.
In this case, its number of bases doubles in every procedure.

The pseudo code for the proposed incremental approach to
the NMF basis estimation is given in Fig. 1. The input of the
algorithm is the training data matrix V∈ Rm×n and the integer
k. The output is the matrix composed of 2k basis vectors. Wi

and Hi in Fig. 1 denote the basis matrix with 2i bases and the
corresponding encoding matrix, respectively. In order to decide
the single basis case, W 0∈ Rm×20 is obtained by the centroid
of V with unit-norm normalization. ‖ ·‖1, 1, and centroid(V)
represent unit-norm, a vector of a proper size with all elements
equal to one, and the centroid of the matrix V, respectively.
For the encoding of W 0, H0 which minimizes the Euclidean
distance is given in a closed-form as H0 = VTW 0. For the
bases W1∈ Rm×21 , [W 0+,W 0−] is applied for the initializa-
tion of NMF process where W 0+∈ Rm×20 and W 0−∈ Rm×20

are obtained by addition and subtraction of a very small value
ε to W 0, respectively. NMF process indicates the alternative
update phase, (1) and (2), for a fixed number of iterations. The
initial value of H1 is given as [(H0/2)T , (H0/2)T ]T∈ R21×n.
The procedures from 3 to 8 are repeated until we get 2k bases.



IV. EXPERIMENT

To evaluate the performance of the proposed algorithm,
audio source separation was performed in a variety of noisy
conditions, and the target sources were speech and violin
signals. The whole data for the training and test was not
overlapped. A 512-point discrete Fourier transform with 75%
overlap was used to form the spectrogram with a sampling
rate of 16 kHz (m = 257).

The performance of the proposed methods were evaluated
in terms of PESQ [26] and SDR [27]. To demonstrate the
performance improvement achieved by the proposed methods,
four source separation systems for which only the basis
matrices were trained in different ways were compared:
• Rand.: the initialization of nonnegative random values [1]
• SVD: the initialization in [22] which utilizes the result of

singular value decomposition
• Cent.: the initialization in [17] which utilizes the cen-

troids from the k-means clustering (The number of the
cluster is the same to the number of the basis vectors.)

• LBG: the proposed method using the LBG-based basis
estimation for NMF (ε = 1−14)

The whole bases of above systems were trained by PGD
[4], on the other hand, the source separation was performed
by multiplicative update rule with KLD [1]. This is because
such a system experimentally shows a high performance and
a low computational time of the separation when random
nonnegative values are used for NMF initialization. Each num-
ber of iteration during the training phase was decided based
on the separation performance [28]. (Rand.=SVD=Cent.=100,
LBG=10.)

A. The target source: speech signal

Speech and noise samples were selected from TIMIT [29]
and NOISEX-92 [30] DBs, respectively. The basis matrix for
each noise types was obtained from about 120-second long
noise signal, and the speech DB for the training was 130-
second long spoken by 56 different speakers. The speech test
data set consisted of 32 sentences from 32 different speakers.
We tested 4 different types of noises including F-16, factory1,
babble, and white noises. The numbers of the bases were
64, 128, 256, and 512, and the number of iteration for the
separation phase was 30.

Fig. 2 shows the PESQ scores and SDRs when the input
signal-to-noise ratio (SNR) was 0 dB. For all cases of r,
the proposed algorithm outperformed other methods in terms
of both the PESQ score and the SDR. In particular, LBG
produced the best separation performance, and the optimal r
for the performance was different from the case of Rand.. In
the over-complete case, r = 512 > m, the performance of
Rand. was the lowest, but the proposed methods maintained
the performance or outperformed the case of r 5 256.
One of the previous method, SVD, showed the minimum
reconstruction error during our training phase, but it cannot
support the over-complete case and its separation performance
was lower than Rand. This result denotes that the performance

(a) SDRs

(b) PESQ scores

Fig. 2. The source separation performances based on the numbers of basis
(target source = speech, input SNR = 0 dB)

of source separation is not proportional to the reconstruction
error during the training phase, and the proposed method
which utilizes the incremental approach may extract the proper
character of the source to the bases.

Fig. 3 denotes the source separation performance as the
interfering sources, F-16, factory1, babble, and white signals.
In the same manner as Fig. 2, the proposed method LBG
outperformed other methods in the face of all interfering
sources. The previous works, SVD and Cent., show a similar
performance as Rand., but the performance degraded when
white and babble signals are mixed, respectively. LBG made
a performance improvement at every interfering sources, and
it showed a prominent improvement in term of SDR.

B. The target source: violin signal

For violin and piano data, we used four songs to the training
and separation phases, and Table. I shows the information of
the data. The interfering sources were 4 different types of
sources including piano, factory1, babble, and machinegun
sources, and the test data set of violin consisted of 10 clips



(a) PESQ scores

(b) SDRs

Fig. 3. The source separation performances based on the interfering sources
(target source = speech, input SNR = 0 dB)

TABLE I
THE INFORMATION OF THE DATA FOR THE BASES ESTIMATION AND

SOURCE SEPARATION (RESAMPLED TO 16KHZ/S)

The
phase Title Artist Instrument

Training Partita No.1 (BWV 1002) -
Double

Ida
Haendel Violin

Blind Film Yiruma Piano

Separation Sonata No.2 (BWV 1003) -
Allegro

Ida
Haendel Violin

Waltz In C Minor (Only For
Piano) Yiruma Piano

which are 5 seconds long each.
The number of bases r for each source was set to 128, which

provided a good trade-off between the reconstruction error and
the computational complexity. The experimental results when
the input SNR is 0 are illustrated in Fig. 4. The proposed
algorithms outperformed other methods at all interfering types.
In particular, LBG shows a high performance improvement

Fig. 4. The source separation performances as the interfering sources (target
source = violin, input SNR = 0 dB, r=128)

when piano or factory1 source is mixed. The performance
improvements of LBG were 1.43 and 2.05 in term of the SDR
over Rand. and SVD, respectively.

V. CONCLUSION

This paper proposed the basis estimation based on the
incremental approach. Since the objective function of NMF is
non-convex, the optimized solution can be stuck to a local min-
ima which implies that the overall performance significantly
depends on the initial parameter values, and this influences
not only the reconstruction error during the training phase,
but also the performance of the source separation. The novel
proposed algorithm applies LBG algorithm which is the vector
quantization codebook. Since the vector quantization task can
be interpreted as a special case of the matrix factorization,
the vector quantization algorithm like LBG can be utilized to
NMF algorithm. The whole experimental results of this paper
may imply that the incremental approach for the training of
bases is effective in making a good basis matrix for the audio
source separation.
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