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Dictionary Learning
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2Electrical Engineering Department, Amirkabir University of Technology, Tehran, Tran

Abstract

In this paper, a speech enhancement method based on sparse representation of data frames has been
presented. Speech enhancement is one of the most applicable areas in different signal processing fields. The
objective of a speech enhancement system is improvement of either intelligibility or quality of the speech
signals. This process is carried out using the speech signal processing techniques to attenuate the
background noise without causing any distortion in the speech signal. In this paper, we focus on the single
channel speech enhancement corrupted by the additive Gaussian noise. In recent years, there has been an
increasing interest in employing sparse representation techniques for speech enhancement. Sparse
representation technique makes it possible to show the major information about the speech signal based on
a smaller dimension of the original spatial bases. The capability of a sparse decomposition method depends
on the learned dictionary and matching between the dictionary atoms and the signal features. An over
complete dictionary is yielded based on two main steps: dictionary learning process and sparse coding
technique. In dictionary selection step, a pre-defined dictionary such as the Fourier basis, wavelet basis or
discrete cosine basis is employed. Also, a redundant dictionary can be constructed after a learning process
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that is often based on the alternating optimization strategies. In sparse coding step, the dictionary is fixed
and a sparse coefficient matrix with the low approximation error has been earned. The goal of this paper is
to investigate the role of data-based dictionary learning technique in the speech enhancement process in the
presence of white Gaussian noise. The dictionary learning method in this paper is based on the greedy
adaptive algorithm as a data-based technique for dictionary learning. The dictionary atoms are learned
using the proposed algorithm according to the data frames taken from the speech signals, so the atoms
contain the structure of the input frames. The atoms in this approach are learned directly from the training
data using the norm-based sparsity measure to earn more matching between the data frames and the
dictionary atoms. The proposed sparsity measure in this paper is based on Gini parameter. We present a
new sparsity index using Gini coefficients in the greedy adaptive dictionary learning algorithm. These
coefficients are set to find the atoms with more sparsity in the comparison with the other sparsity indices
defined based on the norm of speech frames. The proposed learning method iteratively extracts the speech
frames with minimum sparsity index according to the mentioned measures and adds the extracted atoms to
the dictionary matrix. Also, the range of the sparsity parameter is selected based on the initial silent frames
of speech signal in order to make a desired dictionary. It mcans that a specch frame of input data matrix can
add to the first columns of the over complete dictionary when it has not a similar structurc with the noise
framcs. The data-bascd dictionary learning process makes the algorithm faster than the other dictionary
learning mcthods for cxample K-singular value decomposition (K-SVD), mcthod of optimal directions
(MOD) and other optimization-based strategies. The sparsity of an input frame is measured using Gini-
based index that includes smaller measured values for speech frames because of their sparse content. On the
other hand, high values of this parameter can be yielded for a frame involved the Gaussian noise structure.
The performance of the proposed method is evaluated using different measures such as improvement in
signal-to-noise ratio (ISNR), the time-frequency representation of atoms and PESQ scores. The proposed
approach results in a significant reduction of the background noise in comparison with other dictionary
learning methods such as principal component analysis (PCA) and the norm-based learning method that are
traditional procedures in this context. We have found good results about the reconstruction error in the
signal approximations for the proposed speech enhancement method. Also, the proposed approach leads to
the proper computation time that is a prominent factor in dictionary learning methods.

Keywords: Speech enhancement, Sparse representation, Dictionary learning, Data-Based learning, Greedy
adaptive
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(Table-1): The reconstruction error value (¢ X 1073) based on
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(Figure-1): a) Comparison of sparsity index of speech frames extracted from GAD, PCA and K-SVD algorithms. b) Comparison of
reconstruction error for GAD, PCA and K-SVD algorithms.
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(Figure-4): a) The representation of speech frames with minimum and maximum sparsity values selected based on the norm-based
sparsity index. b) The representation of speech frames with minimum and maximum sparsity values selected based on the proposed
sparsity index. ¢) The representation of specch frame with maximum sparsity values sclected based on the norm-based sparsity index
and the proposed sparsity index. d) The representation of speech frame with minimum sparsity values selected based on the norm-
based sparsity index and the proposed sparsity index.
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(Table-2): The average values of atom sparsity index and
sparsity for cocfficicnt matrix of differcnt algorithms

Atom sparsity Sparsity of
Method index coefficient matrix
Female Male Female Male
Speech data 0.1741 0.1673 0.1741 0.1673
PCA 0.1722 0.1731 0.1527 0.1597
K-SVD 0.1643 0.1724 0.1336 0.1387
GAD 0.1531 0.1641 0.1371 0.1357
GAD_Gini 0.1476 0.1431 0.1107 0.1202
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(Figure-5): Plot of sparsity index of atoms in the learned
dictionarics of diffcrent algorithms
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(Figure-6): Plot of sparsity index of atoms based on the
proposed dictionary learning algorithm and its different steps
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(Figure-8): Comparison of the reconstruction error of sparse
representation by removing different number of atoms based
on the proposed dictionary learning algorithm and its different
steps
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(Figure-7): Comparison of the reconstruction crror of sparsc
representation by removing different number of atoms

Time-frequency plot of speech signal
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(Figure-9): Plot of time-frequency structure of the atoms learned using different methods
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(Table-3): The results of ISNR value in the presence of white Gaussian noise in different SNR values

Number ol atoms in dictionary
SNR Method 512 400 300 200 100 50
PCA 0 0.48 144 237 4.69 573
K-SVD 541 6.08 6.52 641 5.29 4.11
~10dB GAD 0 127 2.94 433 4.98 4.07
GAD Gini 0 2.29 3.97 4.87 5.01 4.26
OMLSA 4.71
PCA 0 0.46 131 271 541 8.20
K-SVD 5.69 6.91 7.18 7.57 8.53 10.05
0dB GAD 0 131 2.69 522 7.24 9.14
GAD_Gini 0 243 3.56 642 8.07 7.18
OMLSA 7.24
PCA 0 0.51 131 272 5.48 8.29
K-SVD 582 6.75 7.56 9.91 12.51 13.68
-10dB GAD 0 131 2.84 531 7.69 928
GAD Gini 0 1.54 3.12 6.57 8.24 10.17
OMLSA 7.93
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! Optimally-modified log-spectral amplitude
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(Table-4): The results of ISNR value in the presence of Pink noise in different SNR values

. Number of atoms in dictionary
SNR Method 512 400 300 200 100 50
PCA 0 0.41 1.32 2.21 4.49 5.63
K-SVD 5.12 5.82 6.21 6.03 5.10 3.96
—10dB GAD 0 1.14 2.81 4.20 4.82 3.85
GAD_Gini 0 2.17 3.81 4.72 4.89 4.11
OMLSA 4.52
PCA 0 0.59 1.22 2.65 5.32 8.04
K-SVD 5.03 6.83 7.02 7.69 8.46 9.88
0dB GAD 0 1.22 2.59 5.14 7.16 9.01
GAD Gini 0 2.36 3.47 6.35 7.95 6.93
OMLSA 6.84
PCA 0 0.44 1.23 2.65 5.37 8.19
K-SVD 4.92 6.68 7.47 9.85 12.39 13.41
-10dB GAD 0 1.22 2.71 5.19 7.52 9.18
GAD_Gini 0 143 2.96 6.43 8.16 9.86
OMLSA 7.18
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(Table-5): The results of ISNR value in the presence of Brown noise in different SNR values

. Number ol aloms in dictionary
SNR Method 512 400 300 200 100 50
PCA 0 038 1.29 2.17 4.42 5.55
K-SVD 5.08 5.73 6.15 5.89 5.03 3.89
~10dB GAD 0 1.08 275 415 481 3.80
GAD Gini 0 2.14 3.76 4.65 431 4.05
OMLSA 442
PCA 0 0.52 118 2.60 531 7.96
K-SVD 4.95 6.75 6.92 7.61 8.45 9.32
0dB GAD 0 1138 251 5.06 7.08 8.92
GAD Gini 0 2.29 341 6.28 7.91 6.90
OMLSA 6.77
PCA 0 039 1.14 272 5.34 8.16
K-SVD 4.88 6.04 742 9.81 12.36 13.38
-10dB GAD 0 1.20 2.67 5.12 7.49 9.15
GAD Gini 0 138 291 6.59 8.11 9.81
OMLSA 7.14
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! Perceptual evaluation of speech quality
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(Table-6): The results of PESQ valucs in the presence of white Gaussian noisc in different SNR values for various numbers of atoms
S -10dB 0dB +10dB
512 300 100 512 300 100 512 300 100
PCA 0.76 0.42 0.23 2.61 1.98 0.93 3.56 2.88 2.04
K-SVD 1.06 0.79 0.73 2.78 2.37 1.12 3.70 2.96 2.26
OMLSA 0.15 0.76 2.53
GAD 1.59 1.28 0.80 3.03 2.54 1.67 3.75 3.09 2.39
GAD Ginil 1.61 1.32 0.83 3.09 2.57 1.70 3.77 3.14 241
GAD Gini2 1.63 1.35 0.85 3.12 2.59 1.73 2.81 3.17 245
GAD Gini 1.65 139 0.87 3.17 2.61 1.78 3.84 3.21 2.48
Noisy signal 0.18 0.88 1.86
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(Table-7): The results of PESQ values in the presence of Pink noise in different SNR values for various numbers of atoms

S -10dB 0dB +10dB
s 512 300 100 512 300 100 512 300 100
PCA 0.73 0.40 0.22 2.59 1.95 0.91 3.52 2.81 1.98
K-SVD 1.02 0.78 0.71 275 238 1.09 3.66 293 2.21
OMLSA 0.13 0.73 2.49
GAD 1.53 1.25 0.77 3.05 2.51 1.70 3.72 3.01 2.34
GAD Ginil 1.57 1.29 0.79 3.04 2.58 1.73 3.75 3.12 2.38
GAD Gini2 1.61 1.32 0.80 3.09 2.55 1.71 2.78 3.15 2.39
GAD _Gini 1.66 137 0.85 3.15 2.63 1.76 3.82 3.19 2.45
Noisy signal 0.17 0.83 1.85
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(Table-8): The results of PESQ values in the presence of Brown noise in different SNR values for various numbers of atoms

S -10dB 0dB 110dB
5 512 300 100 512 300 100 512 300 100
PCA 0.68 0.35 0.18 2.50 1.89 0.87 3.46 2.71 1.91
K-SVD 0.96 0.71 0.65 2.71 231 0.98 3.59 2.88 2.18

OMLSA 0.11 0.67 242
GAD 1.49 1.21 0.72 2.98 2.47 1.66 3.67 2.94 2.28
GAD_Ginil 1.51 1.23 0.73 2.96 2.49 1.67 3.69 3.04 231
GAD_Gini2 1.55 1.27 0.76 3.01 2.49 1.68 2.73 3.07 231
GAD_Gini 1.61 1.31 0.79 3.09 2.58 1.70 3.78 3.14 2.39

Noisy signal 0.19 0.81 1.79
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(Figure-10): Spectrogram representation for: a) Speech signal. b) Gaussian white noise signal. ¢) Noisy signal. d) Enhanced signal at
SNR=+5dB. e) Enhanced signal at SNR=0dB. f) Enhanced signal at SNR=-5dB.
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(Figure-11): Spectrogram representation for the enhanced signal at SNR=+5dB using: a) K-SVD algorithm. b) PCA algorithm. ¢) GAD

algorithm. d) GAD_Gini algorithm.
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(Figure-12): Spectrogram representation for the enhanced signal at SNR=0dB using: a) K-SVD algorithm. b) PCA algorithm. c¢)
GAD algorithm. d) GAD_Gini.
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(Table-9): The average of computation time for dictionary
learning of different methods
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