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Abstract

Sparse representation is one of the most widely used techniques in the area of signal processing, and receives a great deal of attention
in various applications such as data compression, speech and image denoising, pattern recognition, and other signal processing tasks.
Sparse representation describes a signal as a linear combination of only a few atoms selected over a redundant dictionary, so that the
data dimensions are reduced and the data processing becomes more efficient. Good representation of speech signals heavily relies on
the ability of the dictionary used to fit the essential nature of speech data. In this work, several dictionary learning algorithms such as
K-SVD, MOD, RAMC, UD4-MOD and OMP are exploited in different representation domains such as time domain, wavelet transform
domain and short-time Fourier transform domain. They are assessed by different objective measures such as the reconstruction error
(RE), the mean square error (MSE), the frequency-weighted segmental signal-to-noise ratio (fwSegSNR), the segmental signal-to-
noise ratio (Seg SNR), the perceptual evaluation of speech quality (PESQ) and short-time objective intelligibility (STOI). The results
show that the combination of K-SVD in STFT domain with OMP sparse representation method achieves better results with an efficient
speech signal reconstruction.
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1. Introduction

Dictionary learning and sparse representation are two prominent techniques in the areas of machine learning and signal
processing [2, 3], using which we can analyze and process the high-dimensional data intelligently. The goal of dictionary
learning is to find a set of basis functions, i.e. the dictionary atoms, by learning from training samples, which can be used
to represent the training samples sparsely. Sparse representation is to represent a data as the linear combination of a small
number of basis vectors selected from an overcomplete dictionary, thereby reducing the dimensionality of the signal and
enabling powerful signal processing by simple coding and matching pursuits. They are subject to increased interests since
the birth of compressed sensing theory in 2006 [1].

Sparse representation has been successfully used in many fields, such as image processing, speech enhancement and
denoising, pattern recognition, medical image analysis and speech processing applications [2-5]. In speech processing
applications, sparse representation performance is almost directly impacted by dictionary learning and the representation
domain. For this reason, relevant researches have been dedicated to enhance dictionary learning schemes and sparse
coding algorithms for speech reconstruction and enhancement.

Recently, sparse representation techniques have been applied in the domain of speech enhancement in various
transform domains. Several recent researches are mostly focused on using wavelet-based sparse representation techniques
[6] for speech denoising and enhancement. Several time-frequency sparse representation approaches have also been
explored for voice activity detection and speech enhancement in noisy environments [7-10]. Apart from this, K-SVD
dictionary learning algorithms integrated with the orthogonal matching pursuit (OMP) approach have been effectively
used for speech applications due to its efficiency of dealing with high dimensional speech data [11].

In this paper, different dictionary learning and sparse representation algorithms for speech signal in the time, wavelet
transform and short-time Fourier transform (STFT) domains are explored, which includes MOD, K-SVD, RAMC, UD4-
MOD, and OMP. Different objective assessment measures are used to evaluate the trained dictionaries to find the best
representation domain and dictionary learning algorithm for speech signal reconstruction.
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2. Methodology

In the presented approach, the efficiency of various dictionary learning algorithms will be studied in terms of sparse
representation and reconstruction of speech signals in various feature domains. In the study, four algorithms for
learning dictionaries: MOD (Method of Optimal Directions), K-SVD, RAMC (Re- weighted Alternating Minimization
of the Coefficients) and UD4-MOD, were tested with the Orthogonal Matching Pursuit (OMP) sparse coding algorithm.
The block diagram of the procedure is shown in the figure 1. Here, the speech signal is transformed to the corresponding
feature domain and then processing by the dictionary learning and sparse coding algorithms for the signal
representation and reconstruction.

Speech samples from the NOIZEUS database processed at 8kHz that were used for all experiments. In the pre
processing stage, speech signal was frame-blocked by 12.5 msec Hamming windows with 50% overlapping. Dictionary
training and sparse representation were performed within three various feature domains:

e Time domain
e Wavelet Packet Transform (WPT) domain
e The STFT domain

A redundancy of 4, namely overcomplete dictionary was used which was experimentally optimal for this

application trade-offs. The following problem was used to get the sparse representation:

X* = argminllY — DXIZ, X1l < K 1)
X

where (Y) denotes the speech feature matrix, (D) represents the learned dictionary, and (X) is the sparse coefficient
matrix.

Were used to evaluate the quality of the reconstructed speech: Reconstruction Error (RE), Mean Square Error
(MSE), Segmental Signal-to-Noise Ratio (SegSNR), Frequency Weighted Segmental SNR (fwSeg SNR), Perceptual
Evaluation of Speech Quality (PESQ), and Short Time Objective Intelligibility (STOI).

For the Speech Enhancement experiments, the STFT domain was used due to better reconstruction quality.
Different dictionaries were trained for the clean speech and noise signals (white, car and street). Finally the entire
dictionary was used to estimate sparse coefficients and reconstructed the enhanced speech signals under noisy
conditions (0, 5 and 10dB SNR).
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Figure 1. Framework of speech representation based on dictionary learning and sparse coding

3. Discussion and Results

The dictionary learning algorithms in the time,WPT and STFT domains were tested. The best reconstruction
performance reached by the algorithms in each domain is summarized on table 1.

Table 1. Best reconstruction results obtained in different feature domains.

Feature Domain Best Algorithm PESQ STOI SegSNR (dB)
Time Domain uUb4-MOD 3.93 0.94 17.61
WPT Domain MOD (Method 1) 411 0.98 19.83
STFT Domain K-SVD 4.43 0.99 33.56

The results show that the use of dictionary learning is very beneficial for speech representation quality. In time
domain, UD4-MOD had the best Reconstruction error among all the algorithms considered for all methods. The
performance of Method 1 in WPT domain is slightly better than Method 2 which emphasizes on the importance of
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segmentation being carried out before wavelet packet decomposition.

Figure 2 presents the speech reconstructions from different feature domains. The optimal reconstruction was in the
STFT domain, especially with the application of the K-SVD learning algorithm. It yielded the highest PESQ and STOI
values as well as SegSNR, indicating the best perceived speech quality and intelligibility.
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Figure 2. Comparison of speech reconstruction performance in Time, WPT, and STFT domains.

In order to test the practical usefulness of the approach, speech enhancement experiments for white, car and street
noise were performed. The STFT based K-SVD dictionaries captured the spectral features of both speech and noise,
providing a better reconstruction of the signal after sparse decomposition. The enhancement performance at different
input SNRs was evaluated in fig. 3. For all three types of noises, the proposed method gains steady improvement of
PESQ and SegSNR when the input SNR increased from 0 d B to 10 d B, which indicate the approach is a robust and
effective method for speech enhancement.
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Figure 3. Speech enhancement results in terms of PESQ and SegSNR for different noise types and input SNR levels.

4, Conclusions

We studied how dictionary learning algorithms can be used for the sparse coding and reconstruction of speech
signals in various feature domains. We assessed the performance of the algorithms MOD, K-SVD, RAMC, and UD4-
MOD by means of objective measures of speech quality and intelligibility.

The experimental results indicated that the feature domain has a big influence to the reconstruct quality. The best
results in the time domain were obtained by UD4-MOD, it was found that the best results in the wavelet packet
transform domain are achieved by the MOD, and the best results in the short-time Fourier transform domain was found
to be the STFT.

Of all the approaches tested, the joint application of K-SVD dictionary learning and OMP sparse coding achieved
the highest standard of performance , with the minimum reconstruction error and the maximum PESQ, STOI and
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SegSNR values.

In addition, the proposed sparse representation approach has been further evaluated with a speech enhancement
experiment in the presence of several different noise types. The learned speech and noise dictionaries enabled a fast
separation of the speech components and produced significant gains in speech quality and intelligibility.
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