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Abstract 
A novel and robust approach for content based speech/non-
speech audio classification is proposed based on sparse 
representation (SR) features and Gaussian process classifiers 
(GPCs). The projections of the noise robust sparse 
representations for audio signals computed by 1L -norm 
minimization are used as features. GPCs are used to learn and 
predict audio categories. Compare to the difficulties of 
Support Vector Machines (SVMs) in determining the 
hyperparameters, GPCs employ Bayesian selection criterion to 
estimate them. Experimental results on real-world audio 
datasets show that the SR features are more robust to audio 
variants than mel-frequency cepstral coefficients (MFCCs) 
and the proposed approach gives better performances than 
SVM. 
Index Terms: Gaussian process classifiers, sparse represen-
tation, audio classification, 1L -minimization, speech 
discrimination 

1. Introduction 
Audio classification plays an important role in multimedia 
information retrieval, human-computer interfaces, entertain-
ment, and surveillance. In speech processing systems 
developed for real world applications, a discrimination of 
speech from other audio classes is a crucial step. Speech/non-
speech audio classification can also be used for coding or 
telecommunication applications where non-speech audio are 
not of interest, and hence bandwidth can be saved by not 
transmitting them or by assigning them a low resolution code. 
Finally, as the amount of available real-world audio data 
increases rapidly, such as Freesound [1], manual annotation of 
audio sounds has become more difficult and impractical, so 
alternative automated recognition to which class an audio 
sound belongs are much needed.  

Most of the audio classification algorithms resort to the 
two steps approach, which involves extracting discriminatory 
features from audio data and feeding them to pattern classifier. 
Feature commonly exploited for audio classification can be 
roughly classified into time domain features, transformation 
domain features, time-transformation domain features or their 
combinations [2].  

Recently in the statistical signal processing community, 
the interest on sparse representations of signals has revived [3]. 
The related research has been focused on solving the 
optimization problem. However, these work aim at 
representation and compression rather than inference or 
classification of signals. Moreover, individual base elements in 
the dictionary were not assumed to have any particular 
semantic meaning as they are chosen from standard bases such 
as fourier, wavelet, Gabor, etc. It is worth mentioning that the 
sparse representation is naturally discriminative. Indeed, 
among all subsets of basis vectors, it selects the subset, which 
most compactly expresses the input signal and rejects all other 

possible but less compact representations [4, 5].  Furthermore, 
this sparse representation is robust to signal variations [4].  

Psycho-physiological investigations show that the 
acoustic stimulus is encoded by the primary auditory cortex in 
terms of its temporal and spectral characteristics at various 
degrees of temporal and spectral resolutions [6]. This is 
accomplished by cells whose responses are selective to a range 
of temporal and spectral resolutions resulting into a neural 
representation. In particular, neurons in the primary auditory 
cortex can be understood as linear filters acting upon a 
spectrally and temporally local extent of a peripherally 
encoded input and that these characteristics of the auditory 
system can be understood in terms of sparse activity in 
response to natural input [7]. Thus 1L -norm regularization 
based linear system which tends to produce sparse solutions is 
a more suitable framework for acoustic feature extraction [7]. 
In this paper, the sparse coefficients recovered from the 1L -
norm minimization with respect to the overcomplete 
dictionary of signal atoms which are learned from the training 
datasets are used as features. 

Having extracted descriptive features, pattern recognition 
algorithms are employed for their classification into different 
classes. Frequently used Classifiers are the SVM, nearest-
neighbor (NN), or classifiers which are based on Gaussian 
mixture models, linear discriminate analysis (LDA), non-
negative matrix factorization (NMF), etc. 

SVM has been a popular and successful tool in many 
applications. It was shown that SVM can be viewed as a form 
of Bayes point machine which tries to find the center of the 
largest ball to fit in version space [8]. Generally Gaussian 
kernel worked better than linear or polynomial kernels. But it 
is difficult to determine the best parameters of Gaussian kernel. 
Instead, kernel classifiers such as GPCs could automatically 
incorporate method to determine the hyperparameters [9].  

Recently, being a kernel-based non-parametric model, 
GPC receives more and more attention. GPC is a Bayesian 
kernel classification derived from Gaussian process priors over 
functions which developed originally for regression [9-11]. It 
takes into account the predictive variance of the underlying 
function. In the classification, the target values are discrete 
class labels and we can use the Gaussian process as a latent 
function whose sign determines the class label for binary 
classification. To compute predictive quantities of 
observations we therefore need to integrate over both the 
hyperparameters and latent values of these functions at the 
points. For non-Gaussian likelihoods, the posterior over the 
latent values is analytically intractable. However, several 
successful methods have been proposed for approximately 
integrating over the latent function values, such as the Laplace 
Approximation (LA) [11], Expectation Propagation (EP) [12], 
and Kullback-Leibler divergence (KL) minimization [13]. 

In this paper, we present a novel method for speech/non-
speech audio classification using GPCs based on Expectation 
Propagation approximation for non-Gaussian posteriors. 
Performance comparisons are made against SVMs with 
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Gaussian kernel. The reported classification rates shows that 
the proposed approach gives better performances. 

2. Sparse Representation Features 
In order to capture the acoustic feature of speech, the subset of 
frames with evident fundamental frequencies is used for 
training and classification. Consider a finite training set of 
signals 1 nA [a ,...,a ] m nR �� � which contains both speech and 
non-speech audio frames. The dictionary learning problem can 
be defined as the optimization of the empirical cost function 
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where D m kR �� is the dictionary, each column represents a 
basis vector, and (a,D)l is a loss function that measures the 
ability of D at representing the signal a . In sparse 
representation, (a,D)l is always defined as the optimal value 
of the sparse coding problem  
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where � is a regularization parameter, x is the decomposition 
coefficient vector, and 

0
� is the 0L quasi-norm returning the 

number of the nonzero entries of a vector. Finding the solution 
to optimization problem defined in (2) is NP-hard due to the 
nature of the underlying combinational optimization. An 
approximate solution to the problem (2) can be obtained by 
replacing the 0L norm with the 1L norm as follows: 
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where 
1
� denotes the 1L norm of a vector. In order to prevent 

D  from being arbitrarily large, it is always assumed that D is 
in the following set: 
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Then the problem (1) becomes 
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Marial et al. [14] suggested an online learning algorithm based 
on stochastic approximations to solve (5).  

After the dictionary DT of the training set is learned, the 
sparse representation of a test signal can be obtained by (3). In 
order to reduce the computational cost of linear programming 
solvers of (3), in this work, a random projection matrix 
W obtained by NMF [15] is introduced to (3), and then the 
sparse representation is to find the coefficient vector x such 
that 
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Then this coefficient vector is used as the feature for further 
classification.  

3. GPCs based Speech/Non-Speech Audio 
Classification 

In this section, we describe the novel approach of speech/non-
speech audio discrimination with probabilistic binary 
classification based on Gaussian process.  

3.1. Gaussian Process for Binary Classification 

Let us assume that we are given a data set A  of data points 
x i  with binary class labels { 1,1}iy � � , drawn from an 
unknown, but fixed, joint probability distribution (x, )p y . We 
denote the training observations and labels 
by {x | 1,2,..., }iX i n� � , { | 1,2,..., }iY y i n� � , and 

{(x , ) | 1,2,..., } ( , )i iA y i n X Y� � � . Given this data set, we 
would like to find the correct class label for a test data point *x . 
GPCs do this by using a latent function f whose values is 
mapped into the unit interval by logistic function 

1( ) (1 exp( ))u u �� � � such that class probability 

* *( | x , )p y A can be written as * *( f(x ))y . The graphic model 
for GPC is shown in Figure 1. 

Gaussian process is a stochastic process fully specified by 
a mean function (x) [f(x)]m E�  and a positive definite 
covariance function ( , ') [f(x),f(x')]K x x V�  [9]. GPCs put a 
Gaussian process prior on the latent function, which means 
that any number of points evaluated from the function have a 
multivariate Gaussian density (f | , )N m K  with mean vector 
m and covariance matrix K . Without loss of generality, it is 
always assume that the mean function (x) 0m �  and the 
covariance functions of this Gaussian process prior is 
parameterized by additional hyperparameters � .  
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Figure 1: Graphical Model for GPC. Squares refer to 
observed features and labels, Circles represent 
unknown latent variable. Latent function values fi and 
labels iy are connected through the sigmoid likelihood. 
Latent function values fi  and observed features x i are 
fully connected, for they are drawn from the same 
Gaussian process. 

As described in [9], the posterior of the test data point 
*x is obtained by averaging out the test set latent variables 

 * * * * * * *( | x , , ) ( | f , ) (f | x , , ) fp y A p y p A d� � �� �         (7) 

where * *( | f , )p y � is the likelihood for each observed class 
given the latent function value 

 * * * *( | f , ) 1/[1 exp( f )]p y y� � � �  (8) 
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 and * *(f | x , , )p A � is obtained by marginalizing over the 
training set latent variables 

 * * * *(f | x , , ) (f | f ,x , , ) (f | , , ) f ,p A p X p y X d� � �� �  (9) 

where (f | , , )p y X � is the posterior distribution over the 
training latent values f  
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and the joint posterior * *(f | f ,x , , )p X � is factored into the 
product of the posterior and the conditional prior  

 1 1
* * ** * *( )f | f ,T TK K K K KN K� �� , (11) 

where * *[ ] (x ,x )i iK K� , ** *, *,[ ] (x ,x )ij i jK K� , ** * *(x ,x )K K� , 

and * *,[ ] (x ,x )ij i jK K� , where [ ]ijA  denotes the entry ijA  of 

the matrix A . 
Unfortunately, the predictive distribution Eq. (7) and the 

latent distribution Eq. (9) cannot be written as analytical 
expressions. The EP [9, 11] algorithm is always employed to 
approximate the intractable Bayesian inference. EP tries to 
approximate ( |f ) ( f )i i i ip y y�  in Eq. (10) with un-normalized 

Gaussians 2(f | , )i i i iZ N �  which satisfy that 
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where f id �  means integral over the whole set except for fi . 
Based on these local approximations, the approximate 
posterior can be written as:  

 1 1(f | , , ) (f | ,( ) )p y X N m K W� � �� �  (13) 

where 1 1[ ( ) ]m I K K W KW�� �� � �  , 1 2( , ,..., )T
n� � � �� , and 

2[ ]i iiW  �� . From the likelihood approximations, the log 
marginal likelihood can be approximated as 
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Convergence of EP is not always guaranteed, but there always 
exist a fixed-point for the EP updates in GPCs [9]. Reported 
results show that the EP method almost perfectly agrees with 
the Markov Chain Monte Carlo estimates [11]. 

3.2. Speech/Non-Speech Audio Classification 
The speech/non-speech audio classification system proposed 
in this paper is composed of three main phases: dictionary 
learning, feature extraction, and classification. The dictionary 
for both speech and non-speech recordings are obtained by 
solving (5). In the feature extraction stage, the coefficient 
vector of the sparse representation for a test signal is obtained 
by solving (6) and used directly as features. Here we denoted 
the extracted features and feature labels as ( , )sp sp spA X Y�  and 

( , )non sp non sp non spA X Y� � ��  for speech and non-speech 

respectively. Exact learning with Gaussian process is, however, 
intractable for large datasets. Hence a sample set of this subset 
is used for training. When in the classification mode, for an 
unknown audio track, extracts the features which are denoted 
by *X , then the prediction class probability is computed 
as * *( | , , )p y X A � , where sp non spA A A �� � .  

4. Experimental Verification 

4.1. Audio Datasets 
An audio database was assembled from public corpora and the 
Freesound project [1]. Speech samples were taken from 
GTZAN music/speech dataset 1 , Scheirer&Slaney 
music/speech corpus 2  [16], and emoDB 3  [17]. 600 speech 
samples were selected from these three datasets.  

For non-speech class, we downloaded 2512 audio 
samples from the Freesound project [1] by using the most 
popular tags, including “ambience”, “bass”, “digital”, “drum”, 
“electronic”, “industrial”, “machine”, “music”, “nature”, 
“piano”, “rain”, “street”, “train”, and “water”. For these 
downloaded audio recordings, we first manually filtered them 
to discard audio that contains much speech, or low-quality 
audio. In consequence, we select 1,800 non-speech samples.  

All the audio recordings were converted to monaural 
wave format at a sampling frequency of 8kHz and quantized 
16bits. Audio streams were windowed into a sequence of 
short-term frames (20 ms long) with 10-ms overlap. 
Furthermore, the audio signals have been normalized, so that 
they have zero mean amplitude with unit variance in order to 
remove any factors related to the recording conditions. 

4.2. Experiments and Results 
In order to assess the discriminating power of both the sparse 
representation features and GPCs, experiments are conducted 
on the real-world datasets described in the Section above. 
SVM with Gaussian kernel and mel-frequency cepstral 
coefficients (MFCCs+ � MFCCs+ 2� MFCCs) with cepstral 
subtraction when in noisy conditions were used as alternatives 
to our approaches. Following [14], we have used the 
regularization parameter 1.2/ 120� � in all of our 
experiments. We evaluate our approach using 6-fold cross 
validation on our labeled collection of 2,400 audio files: At 
each fold, classifiers are trained on 5/6 of the data and then 
tested on the remaining 1/6. Thus each training set consists of 
2,000 audio files. The hyperparameters of SVMs are tuned by 
minimizing a 6-fold cross-validation error on a subset of 60 
speech samples and 120 non-speech samples. Figure 2 shows 
the error rate as a function of 2log , and that the SVM 
achieved the lowest error rate when 2log equals 1.  Hence in 
this work, we set 2log 1 � . 

In Figure 3, the classification accuracy achieved under 
different noisy conditions by various classifiers and feature 
extraction method is plotted as a function of the feature space 
dimension, when NMF are applied to the dataset. The best 
classification accuracy (96.11%) was obtained by GPCs using 
sparse representation features. The standard deviation of the 
classification accuracy was estimated due to 6-fold cross-

                                                                 
 
1 http://marsyas.info/download/data\_sets. 
2 http://labrosa.ee.columbia.edu/sounds/musp/scheislan.html. 
3 http://pascal.kgw.tu-berlin.de/emodb/. 
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validation. At the best classification accuracy, its standard 
deviation was found to be 1.17%. 

 
Figure 2: Variation of 6-fold error rate with respect 
to 2log . 

To evaluate the robustness of the sparse representation 
features to noisy condition, we conducted a comparison on the 
speech test dataset added with 20dB Gaussian white noise. 
The classification results using GPCs with both features under 
different conditions demonstrate that sparse representation 
features performance better in both clean and noisy conditions 
and sparse representation features is more robust to audio 
variants than MFCC features. Sparse representation features in 
noisy condition have an average decrease of 0.56% compared 
to clean condition, while the decrease is 3.22% for MFCCs 
features. However, the experimental results show that both 
features have comparable performance when sparse 
representation features have nearly same dimension as MFCCs.  

 

 
Figure 3: Classification accuracy for various features 
extraction methods, classifiers, and noisy conditions. 

Hyperparameters of Gaussian kernel has an influence on 
performance of both classifiers [9]. In SVMs, the 
hyperparameters learned by cross-validation should not be 
optimal. It can be seen from Figure 3 that the GPCs with the 
hyperparameters obtained by the EP algorithm have shown 
better performance on this dataset than SVMs which had the 
hyperparameters set by cross-validation. It should be noted 
that although the overall classification rate of GPCs is higher 
than that of SVM, part of GPCs’ results are slightly worse than 
SVM. The interval � one standard deviation is overlaid in 
almost all plots for the various dimensions. 

5. Conclusions 
In this paper, a novel and effective speech/non-speech audio 
discrimination framework has been proposed based on noise 
robust sparse representation features and GPCs. The main 

advantage of GPCs over SVMs is that they determine the near 
optimal hyperparameters by marginal likelihood, while usual 
approach based on cross-validation may result in not optimal 
hyperparameters. Experimental evaluation on real-world 
datasets has shown that our approach performs better than 
SVM based classification method and the sparse 
representation features is more robust than popular audio 
features such as MFCCs. 
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