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Abstract

Recently, lots of algorithms using machine learning approaches
have been proposed in the speech enhancement area. One of
the most well-known approaches is the non-negative matrix
factorization (NMF) -based one which analyzes noisy speech
with speech and noise bases. However, NMF-based algorithms
have difficulties in estimating speech and noise encoding vec-
tors when their subspaces overlap. In this paper, we propose
a novel speech enhancement algorithm which uses deep neu-
ral network (DNN) to improve the encoding vector estimation
of the NMF-based technique. A DNN is trained to represent
the mapping from noisy speech to corresponding encoding vec-
tors. The quality of the enhanced speech from the proposed
NMF-based scheme adopting DNN-based encoding vector esti-
mation is compared with that from the conventional NMF-based
technique. The experimental results showed that the proposed
speech enhancement algorithm outperformed the conventional
NMF-based speech enhancement technique.

Index Terms: speech enhancement, noise suppression, nonneg-
ative matrix factorization, deep neural network

1. Introduction

Over the last few decades, many speech enhancement algo-
rithms which suppress noise from noisy speech have been pro-
posed. Statistical model-based approach including minimum
mean-square error estimators of the spectral amplitudes and
log spectral amplitudes [1]-[3] is one of the most popular ap-
proaches. Although this approach has been shown to be suc-
cessful to reduce stationary noises from the noisy speech, the
performance of this family of algorithms degrades in nonsta-
tionary noise environments. This may be mainly because the es-
timation of noise characteristics requires an assumption that the
noise does not change rapidly over time. A number of attempts
have been made to overcome this difficulty within the frame-
work of statistical model-based approach [4]-[6], but couldn’t
resolve this issue completely.

Data-driven approaches deal with the speech enhancement
task in different aspects without a stationary assumption. In
this approach, the speech and noise model are trained to learn
the characteristics of speech and noise from a training database.
Non-negative matrix factorization (NMF) algorithm [7]-[11] is
one of the most well-known algorithms that are based on a dic-
tionary learning approach. The NMF algorithm represents the
speech and noise spectral subspaces using non-negative basis
matrices. By factorizing noisy speech data vector with these
basis matrices, the speech and noise components are described
by the product of each basis matrix and a corresponding encod-
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ing vector.

Speech enhancement algorithm based on NMF analysis as-
sumes that the subspaces of speech and noise are almost orthog-
onal with each other. However, the subspaces of speech and
noise often overlap which leads to degraded performance for
estimated speech or noise components. Adding an orthogonal
constraint to the objective function as in [12] would not resolve
the issue as long as the basis matrices of speech and noise are
trained independently.

In this paper, we propose a speech enhancement algorithm
which uses deep neural networks (DNNs) to estimate the en-
coding vectors of the NMF algorithm. The DNN is chosen in
this paper due to its ability to learn complicated mapping be-
tween the input and output vectors [13]-[15]. After the NMF
algorithm is applied to obtain the speech and noise bases, a
DNN learns the function between noisy speech spectra and cor-
responding speech and noise encoding vectors. Experimental
results showed that the performance of NMF-based speech en-
hancement algorithm can be improved by adopting DNN for
encoding vector estimation.

2. Speech enhancement based on NMF
algorithm

In the NMF analysis, an [y X l4 dimensional matrix V" is de-
scribed by the product of W and C' as follows:

v wcC

~ 1)
where W is a nonnegative [; x k dimensional matrix and C'
is a nonnegative k X [; dimensional matrix. For the rest of
the paper, W is denoted as a basis matrix and C' is denoted as
an encoding matrix. W and C are iteratively updated while
minimizing the objective function D(V|W ) which measures
the distance between an input matrix V' and a multiplication of
the basis and encoding matrices W C'. The Euclidean distance
can be one example of the objective function. At each iteration
of the multiplicative rule for Euclidean distance, W and C are
updated as follows [8]:

w'v

v
WeW ® wes 3)

where ® and % mean element-wise multiplication and division
operations between matrices or vectors and the prime denotes

the transpose of a matrix or a vector.
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In the NMF analysis, each column of W denotes a basis
vector for V. Since each column of C' represents the corre-
sponding column of V' with a weighted sum of basis vectors in
V independently, the basis matrix from the NMF algorithm can
effectively represent the non-stationary characteristics of a data
matrix. By applying NMF algorithm into speech enhancement
task, the speech and noise parameters can be obtained without
the stationary assumption.

Speech enhancement using NMF algorithm consists of
training and test stages. In the training stage, speech and noise
spectral magnitude from training database are analyzed by the
NMF algorithm. Let us denote an [; X s dimensional speech
spectral magnitude matrix as S and an Iy x [x dimensional
noise spectral magnitude matrix as N where [y denotes a num-
ber of frequency bins and ls, I denotes a number of speech
and noise frames respectively. The NMF algorithm finds the
speech and noise models {Ws,Cs} and {Wx,Cn} from S
and N respectively through an iterative procedure such as (2)
and (3).

In the test stage, each noisy speech spectral magnitude vec-
tor x is separated into speech and noise components by NMF
algorithm with a concatenated basis matrix of Ws and Wy [9]-
[11]. The concatenated basis matrix W for speech and noise is
formed by a simple concatenation as follows:

W =[Ws Wx]. @

By applying (2) iteratively with fixed W, a corresponding
encoding data vector ¢(x) in which each element has informa-
tion for each speech or noise basis from x is obtained. From W
and c(x), x can be factorized as

x We(x) (5)

(6)

[Ws WN}|: cs(x) ]

CN(X)

where cs(x) and cn(x) are encoding vectors for speech and
noise basis matrices given by x.

The estimated spectral magnitudes of speech and noise can
be obtained by multiplying corresponding basis matrices and
encoding vectors, i.e., Wgcg(x) and Wixcn (x) , respectively.
Instead of using Wscg(x) as the estimated speech spectral
magnitude s directly, the gain function similar to Wiener filter
is usually applied to increase the speech quality [9]-[11]. Let
us denote the estimates for speech and noise spectral magnitude
vectors from NMF algorithm as ps(x) and px (x). From these
parameters, the gain function for x is obtained and s is derived
as follows [11]:

ps(x) = Wses(x) @)
pn(x) = Wnren(x) ®)
§ = (ps(x)) ®x ©)

(Ps(x))™ + (py (x))™

where m is a positive constant. Using § and the phase infor-
mation from noisy speech, the estimated speech components is
reconstructed to time domain.

Though the speech enhancement algorithm using NMF
technique is simple and easy to implement, it has limitation
when the subspaces of speech and noise overlap. In conven-
tional NMF algorithm, this overlap in subspaces induces quality
degradation of enhanced speech since the speech and noise ba-
sis matrices are trained independently without considering the
correlation between the speech and noise basis matrices.
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3. NMF-based speech enhancement
employing DNN

A major difficulty in speech enhancement using NMF algorithm
is estimating encoding vectors from x with a concatenated ba-
sis matrix. When some form of the orthogonality condition be-
tween speech and noise is not satisfied, minimizing the objec-
tive function does not guarantee an optimal solution for speech
and noise encoding vectors. That is, when a data vector from
the speech or noise can be possibly represented by a linear com-
bination of basis vectors corresponding to the other source, the
NMF-based speech enhancement algorithm is likely to fail since
the speech and noise components can be misjudged to the other
components.

To separate speech and noise components in this condition,
a novel model structure is adopted to learn the function from
input noisy speech data vectors to the optimal encoding vectors
with a set of the training data. Under this framework, the prob-
lem of estimating the encoding vectors for speech and noise can
be treated as a regression task where the input is a noisy speech
vector and the output is encoding vectors of speech and noise.
In this paper, DNN is chosen to learn the function between these
variables.

DNNss are known to describe complicated functions or map-
pings more effectively than shallow neural networks. However,
when the parameters of neural networks are randomly initial-
ized, DNNs show a slightly worse performance than that of
shallow neural networks. A breakthrough in DNN was made
with the introduction of the stacked restricted Boltzmann ma-
chines accompanied with greedy layer-wise unsupervised learn-
ing in order to initialize the DNN parameters. After this pre-
training stage, a supervised learning algorithm using backprop-
agation and stochastic gradient descent is carried out to fine-
tune the weights of the DNN. The detailed procedure about pre-
training and fine-tuning stages is described in [15], [16].

The proposed speech enhancement algorithm consists of
NMF training, DNN training, and enhancement stages. In the
NMF training stage, conventional NMF technique is applied to
speech and noise separately. The basis matrices for speech and
noise Ws and Wy obtained in this stage are used in the fol-
lowing stages while the corresponding encoding matrices are
discarded. This procedure is illustrated in Figure 1. (a).

To train DNN, the input and output transcription of DNN
are generated in DNN training stage. Firstly, for each speech
and noise vector s; and n; where the subscript ¢ denotes data
for DNN training stage, the conventional NMF technique is ap-
plied with only Ws and Wy, respectively, to find the speech
and noise encoding vectors cs,+ and ¢ ; which are not affected
by the ambiguity caused by overlapped subspaces of basis ma-
trices.

After the pairs of s¢, cs,+ and n¢, ¢+ are obtained, we arti-
ficially generate a noisy speech vector x; as the input and a cor-
responding encoding vector c; as the output transcription with
a set of arbitrary weights {as,, an ¢ > 0} as follows:

(10)
an

X¢ Q5,tSt + Nt

Qs tCsSt
QNCN, |
After generating a collection of the input and output tran-
scription vectors x; and c¢, we train a DNN where x; defined
in (10) is fed to the input layer of the neural network and c; de-

fined in (11) is applied to the output layer of the neural network
as a transcription. Before x; and c; are fed to the DNN, they are
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Figure 1: The block diagrams of NMF and DNN training stages.

S
DNN model

Feedforward
algorithm

Speech & Noise
magnitude
estimation

Noisy

specch x €. ex9)

Ps(x), PA(x)

Gain

e Estimated specch s

function

Figure 2: Overall block diagram of the enhancement stage for
the proposed NMF-based speech enhancement employing deep
neural network.

normalized to have values in the range (0,1). Multiplying non-
negative weight coefficients as ¢, an,: and normalizing x;, c;
does not hamper the inter-relationship among them since the
NMF algorithm is scale-independent when the Euclidean dis-
tance is used as an objective function. The detailed block dia-
gram of the DNN training stage is shown in Figure 1. (b).

In the enhancement stage, a noisy speech vector x is fed to
the DNN with standard feedforward algorithm. In feedforward
algorithm, the output vector is computed as follows: Suppose
that the hidden layer vector of (k — 1)—th layer which is given
by x is denoted as h*~!(x). With the bias vector by, and weight
matrix Ay, for k—th hidden layer of the DNN, h*(x) is deter-
mined as follows:

h"(x) = sigm(A"h* ! (x) + b¥) (12)

where sigm(a) refers a element-wise sigmoid function of a
vector a. By iterating this procedure with the number of hid-
den layer, the output layer vector o(x) is obtained from the
DNN. o(x) is re-scaled to c(x) for which the reconstructed
noisy speech spectral magnitude We(x) has the same {1 -norm
with x. With the estimated c(xz), the speech and noise spec-
trum vectors ps(x), pn (x) and corresponding speech estimate
s is obtained with (7)-(9). Figure 2 shows the block diagram
of speech enhancement stage which utilizes trained NMF and
DNN models.
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Figure 3: PESQ scores and SSNR+ values of the original and
enhanced speeches for white noise environment

4. Experiments

In order to evaluate the performance of the proposed algorithm,
we compared the quality of the enhanced speech obtained from
the proposed algorithm with those from the conventional NMF-
based speech separation algorithm [11]. We conducted experi-
ments with TIMIT database (DB) as the clean speech DB and
the NOISEX-92 DB as the noise DB [17]. The white and fac-
tory noises were added to the clean speech with the SNRs from
0 to 15 dB. Each utterance was sampled at 16kHz and the 512-
dimensional Hamming window with 75% overlap was used.
The value of m in (9) was determined experimentally to 2.

The basis matrix for speech Ws was trained with the 10000
frames of the clean speech data and the basis matrix for each
noise type W was trained with the 9000 frames of correspond-
ing noise data. The number of basis vectors for speech and noise
was fixed to 40 each.

To train the DNN, the noisy speech utterances were gener-
ated with the signal-to-noise ratios (SNRs) from -5 to 20 dB.
The number of noisy speech frame and corresponding encoding
vectors for speech and noise to train the DNN for each noise
type was 52300. The DNN was built by stacking three hidden
layers with 400 nodes each. We ran 30 epochs for pre-training
the hidden layer and 300 epochs to fine-tune the DNN. We used
mini-batch training which samples 100 frames of training data
to organize mini-batch.

The performances of the conventional NMF-based algo-
rithm and proposed algorithm were tested with the ten utter-
ances from 5 male and 5 female speakers. The perceptual eval-
uation of speech quality (PESQ) score [18] and segmental SNR
improvement (SSNR+) [19] was used to measure the quality of
enhanced speech.

Figures 3 and 4 show the PESQ scores and SSNR+ val-
ues of the enhanced speech when the speech is corrupted by
the white and factory noise respectively. In these figure, the
performance of the proposed algorithm outperformed the con-
ventional NMF-based algorithm in all conditions. This results
showed that NMF-based speech enhancement with proposed
DNN-based encoding vector estimation scheme outperformed
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Figure 4: PESQ scores and SSNR+ values of the original and
enhanced speeches for factory noise environment

that with conventional update rule.

Comparing the results in Figures 3 and 4, the performance
improvement was higher in factory noise. One of the reasons
may be the fact that the subspace of the factory noise is more
complicated than that of the white noise since the factory noise
is composed by many acoustic sources.

5. Conclusions

In this paper, a novel approach to improve the NMF-based
speech enhancement algorithm with DNN has been proposed.
DNN is trained to model the mapping from the noisy speech
vectors to the encoding vectors of speech and noise to en-
hance the performance of NMF analysis when the subspaces
that speech and noise components span overlap. Through the
experiments, it is shown that the proposed speech enhance-
ment algorithm outperformed the conventional NMF-based al-
gorithm. The future work will include the adaptation for DNN
model to reliably estimate the speech from the noisy spectrum
when the noise type is not known.
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