
Speech recognition in mixed sound of speech and music based on vector
quantization and non-negative matrix factorization

Shoichi Nakano, Kazumasa Yamamoto, Seiichi Nakagawa

Department of Computer Science and Engineering, Toyohashi University of Technology, Japan
{snakano,kyama,nakagawa}@slp.cs.tut.ac.jp

Abstract
This paper describes a speech recognition method for mixed
sound, consisting of speech and music, that removes the music
only based on vector quantization (VQ) and non-negative ma-
trix factorization (NMF). For isolated word recognition using
the clean speech model, an improvement of about 15% was ob-
tained compared with the case of not removing music. Further-
more, a high recognition rate of about 90% was achieved, even
under the 0 dB condition using a model trained from the mixed
sound after removing the music according to the VQ method.
Index Terms: speech recognition, mixed sound, music re-
moval, vector quantization, non-negative matrix factorization

1. Introduction
For speech recognition in the presence of noise, it is necessary
to reduce the effect of the noise. The spectral subtraction and
Wiener filter based methods are general techniques for noise re-
moval. Although these methods are valid for stationary noise,
they are not effective for non-stationary noise. In this paper, we
consider speech recognition in speech with background music
that constitutes non-stationary signals.
　 Several music removal methods have been proposed for sep-
arating speech and music using a single microphone, such as
the binary masking [1] and non-negative matrix factorization
(NMF) [2] methods. Methods for sound source separation when
multi-channel inputs are available from multiple microphones
based on independent component analysis have been widely
used [3].
　 For mixed speech into a single channel, there was a monaural
speech separation and recognition challenge, where keywords
in sentences spoken by a target talker was identified with a back-
ground talker speeching similar sentences [4]. Main approaches
for this task was based on missing feature theory, speaker de-
pendent/independent models and CASA (Computational Audi-
tory Scene Analysis).
　 In this paper, we consider music removal for input speech
with background music from a single microphone using vec-
tor quantization [5] and non-negative matrix factorization, and
apply these methods to speech recognition in mixed sound con-
sisting of speech and music. NMF as a method for suppressing
music was proposed to construct a Wiener filter from the am-
plitude spectra obtained by complex non-negative matrix factor
deconvolution (NMFD) considering multi-frames [6]. In this
paper, however, we use it to restore the speech spectrum directly
in the framework of general NMF.

2. Music removal by VQ method
This method is a simple novel method for separating noisy
speech using an example based method, which simplifies a sta-

Figure 1: Overview of music removal by VQ method.

tistical method [7][8].
　 Figure 1 shows an overview of music removal by our VQ
method [5]. The method consists of the following steps per-
formed in the amplitude spectrum domain.
1. Clean speech data and music data are prepared as train-
ing data. The music data (M(i)) are added to the clean
speech data (S(i)) to create noisy speech data (Y (i) =
S(i) +M(i)) with variations in the SNRs, where i rep-
resents the frame number.

2. A set of pairs of noisy speech data and the corresponding
music data are prepared in a spectral domain, {Y (i) =
S(i) +M(i),M(i)}, where i = 1, 2, · · · , I . I denotes
the number of frames in the training sample.

3. A VQ codebook is generated from the feature vectors
using the Linde-Buzo-Gray (LBG) algorithm. In this
process, only the noisy speech amplitude spectrum is
used for VQ clustering, {Ŷ (k), M̂(k)}, where k =
1, 2, · · · ,K. K denotes the codebook size.

4. Using the input sound signal (noisy speech) Y (j) as
the key, the codebook index is searched for the closest
matching codebook to the noisy speech input by com-
paring with the noisy speech spectrum in the codebook.
D(j, k) = ||Y (j)− Ŷ (k)||

5. The corresponding music spectrum, taken from the ob-
tained codebook index, is subtracted from the noisy
speech spectrum; that is, Ŝ(j) = Y (j)−M̂(k̂), k̂ =
arg min

k
D(j, k)

6. If the subtraction result is negative, the value is set to 0
by a floor function.
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Figure 2: Overview of NMF method.

7. To restore the speech signal from the spectrum leaving
only the speech component, we use the same phase as
the input.

　 Steps 1 ∼ 3 constitute the training phase. The spectrum ob-
tained in step 6 is converted to MFCC as feature parameters for
speech recognition.
　 In this paper, we divide the spectral vector into four sub-
vectors to enlarge the size of the actual codebook.

3. Music removal by NMF
In recent years, the use of NMF has been studied to solve
the sound source separation problems of separating music into
vocal sound and instrumental sound [9] and separating mixed
sound into music and speech [10].
　 NMF decomposes n×m matrix V into n×r matrixW and
r×m matrixH .

V ≈WH (1)

where all the elements of matrices V , W , and H under the
constraint of non-negativity are estimated by minimizing a cost
function. Kullback-Leibler divergence is usually used as the
cost function, and is defined as

DKL =
∑
i,j

(
Vij log

Vij

(WH)ij
− Vij + (WH)ij

)
(2)

Using the following updating rules,W andH are updated until
DKL converges.

Hij ← Hij

∑
k WkiVkj/(WH)kj∑

k Wki
(3)

Wij ←Wij

∑
k HjkVik/(WH)ik∑

k Hjk
(4)

The resulting matrices W and H are the result of decomposi-
tion.
　 In this paper, we refer to the idea of phoneme recognition us-
ing NMF in [11] to separate speech and music in mixed sound.
Matrix V is composed of an amplitude spectrogram; that is, a
sequentially arranged amplitude spectrum for each frame of in-
put sound as a column vector. Matrix V is decomposed into
matrices W and H . Matrix W is arranged as a set of column
basis vectors of speech and music. MatrixH is arranged as row
vectors for each input frame weight of each basis. The basis
matrices of speech Ws and music Wm are determined before-
hand, that is, W = [WsWm]. H is obtained from W using
the update rule in (3). In the experiment, we fixedW , because
the VQ code vectors are considered to be representative basis
vectors. We used VQ code vectors as basis vectors forWs and
Wm, respectively. After this processing,

V ≈WsHs +WmHm (5)

can be separated into WsHs and WmHm corresponding to
speech and music, respectively. Figure 2 shows an overview
of our NMF method.
　 The procedure can be summarized by the following steps in
the separation of speech and music using NMF.
1. Obtain the basis matrices for speech and music, and then
combine them to formW .

2. Create matrix V from the amplitude spectrogram of the
input sound.

3. Obtain weight matrix H by the iterative updating rule
(W is fixed).

4. Calculate WsHs and WmHm as the separated speech
and music, respectively.

4. Evaluation of music removal
4.1. Experimental conditions

The evaluation was carried out through an experiment with the
JNAS (Japanese Newspaper Article Sentences ) database. As
training data, we used 1030 sentence uttered by 103 male and
103 female speakers, with five sentences per speaker from pho-
netically balanced sentences in the JNAS database. As test
data, we used ten sentences uttered by five male and five fe-
male speakers from newspaper articles selected from the JNAS
database. Data from the test speakers were not included in the
training data. As music data, we used the piano sound only for
a single song (Canon in D). The audio data were sampled at a
frequency rate of 8 kHz, in the mono mode.
　 The conditions for speech analysis in the VQ method in-
cluded a 512 pts Hanning window and a 256 pts frame shift.
Music sound was added to the 1030 sentences at 40, 20, 10,
and 0 dB SNRs for training the VQ codebook. Dimensions of
the code vector were 256 (for noisy speech) + 256 (for music)
(frequency bins) with a codebook size of 8192. In this exper-
iment, we divided the spectral vector into four sub-vectors (64
dimensions each) to enlarge the size of the actual codebook; that
is, it can represent 81924 vector codes.
　 The conditions for speech analysis in the NMF method were
a 256 pts Hanning window and a 128 pts frame shift. Base vec-
tors of size 512 for matrix W were generated by both speech
and music code vectors using a VQ technique.
　Music sound was added to the 10 sentences at 10, 0, and −5
dB SNRs for the test.
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Table 1: Experimental results of music removal.
SNR [dB]method −5 dB 0 dB 10 dB

no processing −4.36 0.82 11.28
VQ method 5.97 8.64 15.35
NMF method 5.83 7.94 10.45

　 As the measurement metric, we used the SNR of the spectral
domain represented by

SNR = 10 log10

∑
t,f St,f

2

∑
t,f

(
St,f − Ŝt,f

)2 [dB] (6)

where St,f is the clean speech spectrum, and Ŝt,f is the esti-
mated speech spectrum after removing the music.

4.2. Experimental results

Table 1 gives the experimental results. For an SNR of −5 dB,
the measure was −4.36 dB in noisy speech. The difference is
caused by an experimental simulation error. For music removal
using the VQ and NMF methods, the SNR improved to 5.97 dB
and 5.83 dB, respectively. Both methods improved by around
10 dB. Similarly, for an SNR of 0 dB, both methods improved
by around 8 dB. For an SNR of 10 dB, the VQmethod improved
by about 4 dB, while that of NMF deteriorated to about 1 dB.
The reason for this may be that although music removal by the
VQ method preserves the speech, a little music also remains.
On the other hand, although NMF removes almost all music
sounds and retains the speech, the speech is distorted.
　 Figure 3 shows an example of the original and processed
spectrograms.

5. Isolated word recognition experiments
5.1. Experimental conditions

A recognition evaluation was carried out through an experiment
using 200 isolated words from 20 speakers in the Tohoku Uni-
versity and Matsushita word speech database. For training data,
we used 15 speakers, and for test data, we used 5 speakers. We
used the piano sound only for one song (Canon in D) as the
music data. The audio data were sampled at a frequency of 12
kHz in mono-mode. The word section was carried out by visual
inspection.
　 The conditions for speech analysis in the VQ method were a
512 pts Hanning window and a 256 pts frame shift. Music was
added to the training data at 10, 0, −5, and −10 dB SNRs for
training the VQ codebook. The dimensions of the code vector
were 256 (for noisy speech) + 256 (for music) (frequency bins)
with a codebook size of 8192. In this experiment, we divided
the spectral vector into four sub-vectors (64 dimensions each)
to enlarge the size of the actual codebook; that is, it can repre-
sent the VQ kinds of 81924.
　 The conditions for speech analysis in the NMF method were
a 256 pts Hanning window and a 128 pts frame shift. MatrixW ,
base vectors, were composed by both speech and music code
vectors of size 512 by the VQ technique.
　 Acoustic models for speech recognition were constructed by
whole word based HMMs, with 14 states and 8 mixtures of
Gaussians (diagonal covariance matrix). As features we used

Figure 3: Example of spectrogram (SNR= 0 dB). From top to
bottom: clean speech, noisy speech, and speech restored by VQ
method, and by NMF method.

12 dimensions of the MFCCs, their deltas, double-deltas, delta
power, and double-delta power (in total, 38 dimensions) ob-
tained with a 25 ms window size and 10 ms frame shift.
　 Music was added to the 10 sentences in the test data at 10,
0, and −5 dB SNRs. In addition, as a combination method,
we combined VQ and NMF. The likelihoods after removing the
music by the VQ method and by the NMF method were linearly
integrated as follows:

P = (1− α)PV Q + αPNMF (7)

5.2. Experimental results

5.2.1. Mix sound of speech and piano

Table 2 gives the recognition results with HMMs trained by the
clean speech data. Although a speech recognition rate of 98.8%
was obtained for the clean speech data, when the music sound
was added, the rate decreased to 60.4% for 10 dB, 7.2% for 0
dB, and 1.8% for −5 dB. By applying the VQ method, the rate
improved to 68.4% for 10 dB, 33.1% for 0 dB and 15.8% for
−5 dB. On the other hand, when applying the NMF method,
the rate improved 20.9% for 0 dB and 9.5% for −5 dB. In the
10 dB case, however, the rate dropped to 51.8% from 60.4%.
The reason for this may be the same as that shown in Table 1,
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Table 2: Word recognition rate in clean speech model [%].
SNRmethod −5 dB 0 dB 10 dB

no processing 1.8 7.2 60.4
VQ method 15.8 33.1 68.4
NMF method 9.5 20.9 51.8
combination 17.4 35.9 75.1

input clean speech 98.8

Table 3: Word recognition rate in noisy speech model [%].
SNRinput −5 dB 0 dB 10 dB

noisy speech 35.1 73.4 95.5

clean speech 98.7

that is, music removal by the VQ method preserves the speech,
whereas music removal by the NMFmethod distorts the speech.
By applying a combination of both methods, we improved the
rates further to 75.1% for 10 dB, 35.9% for 0 dB and 17.4%
for −5 dB. In particular, recognition with the proposed combi-
nation method improved to 75.1% from 60.4% for 10 dB. The
error reduction rate was 37%.
　 Next, Table 3 shows the recognition results with HMMs
trained by mixed sounds of 20 dB, 10 dB, 0 dB and −5 dB
and clean speech (multi-condition). In this experiment, the rate
improved to 95.5% for 10 dB, 73.4% for 0 dB and 35.1% for
−5 dB.
　 Finally, Table 4 gives the recognition results with HMMs
trained by mixed sounds of 10 dB and 0 dB, where music sound
was removed by the VQ method. By removing the music using
the VQ method, the rates improved to 97.4% for 10 dB, 89.7%
for 0 dB and 69.3% for −5 dB. In particular, the recognition
rate of the model improved to 97.4% from 60.4% for 10 dB,
a rate that nearly equals the 98.8% for clean speech using the
clean speech model. The error reduction rate was 93%. Com-
pared with the results for the multi-condition HMMs, the rate
improved to 97.4% from 95.5% for 10 dB, and to 89.7% from
73.4% for 0 dB. The error reduction rates were 42% and 61%,
respectively. For clean speech, this model achieved the highest
recognition rate at 98.2%.
　 Comparing Tables 3 and 4, it is clear that our proposed
method is effective for speech recognition with mixed sounds;
in fact, the VQ method is more effective than the NMF method.

5.2.2. Mix sound of speech and piano trio

The music data was changed to a piano trio (piano, violin,
cello), and the recognition experiment was conducted with sim-
ilar to Section 5.2.1. Table 5 gives the recognition results with
HMMs trained by mixed sonds of 10 dB and 0 dB, where music
sound was removed by the VQ method. By removing the music
using the VQ method, the rates improved to 96.4% from 91.9%
(in noisy speech model) for 10 dB, and 78.0% from 61.4% (in
noisy speech model) for 0 dB, respectively.

6. Conclusions
In this paper, we proposed a separation method for speech and
music in mixed sound using the VQ and NMF methods. By
applying these methods to speaker independent isolated word
recognition of 200 words, we obtained the greatest improve-
ment. In fact, the VQ method improved the rate for a model
trained by the multi-condition to 97.4% from 95.5%. The word

Table 4: Word recognition rate in the model after the removal
of music sound [%].

SNRmethod −5 dB 0 dB 10 dB
no processing 4.2 23.6 88.8
VQ method 69.3 89.7 97.4

input clean speech 98.2

Table 5: Word recognition rate in the model after the removal
of music sound (piano trio)[%].

SNRmethod −5 dB 0 dB 10 dB
VQ method 55.3 78.0 96.4

input clean speech 98.2

error recognition rate was 42%. Even with mixed sound of 0
dB, we obtained a recognition rate of 80 ∼ 90%. Our proposed
VQ method is superior to the NMF method.
　 In future works, we intend applying this proposed method to
various mixed sound including composite music sounds, and so
on. For this purpose, we need to revise the VQ procedure in the
spectral domain, for example, from a FFT based spectrum to a
cepstrum based smoothed spectrum.
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