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IntroductIon

Time-frequency and time-scale distributions have become increasingly popular tools for analysis and 
processing of nonstationary signals. These tools map a one-dimensional signal into a two-dimensional 
distribution, a function of both time and frequency. Such joint description reveals the time-varying 
frequency content of nonstationary signals, unlike classical spectral analysis techniques a la Fourier. 
Over the years, a large variety of classes of time-frequency distributions have been proposed to explain 
the diversity of the treated problems. Linear and quadratic distributions have been extensively studied, 
and among them Cohen’s class of time-frequency distributions as (quasi) energy distribution jointly 

ABStrAct

This chapter introduces machine learning for nonstationary signal analysis and classification. It argues 
that machine learning based on the theory of reproducing kernels can be extended to nonstationary 
signal analysis and classification. The authors show that some specific reproducing kernels allow pat-
tern recognition algorithm to operate in the time-frequency domain. Furthermore, the authors study the 
selection of the reproducing kernel for a nonstationary signal classification problem. For this purpose, 
the kernel-target alignment as a selection criterion is investigated, yielding the optimal time-frequency 
representation for a given classification problem. These links offer new perspectives in the field of non-
stationary signal analysis, which can benefit from recent developments of statistical learning theory 
and pattern recognition.
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in time and frequency, and most notably the Wigner-Ville distribution, see for instance (Cohen, 1989; 
Flandrin, 1999; Auger & Hlawatsch, 2008). From these, one can choose the optimal representation for 
the problem under investigation, such as increasing the representation immunity to noise and interfer-
ence components (Auger & Flandrin, 1995, Baraniuk & Jones, 1993), or selecting the best class of 
representations for a given decision problem (Heitz, 1995; Till & ℜudolph, 2000; Davy, Doncarly, & 
Boudreaux-Bartels, 2001).

Over the last decade, multiple analysis and classification algorithms based on the theory of reproduc-
ing kernel Hilbert space (ℜKHS) have gained wide popularity. These techniques take advantage of the 
so-called kernel trick, which allows construction of nonlinear techniques based on linear ones. Initiated 
by state-of-the-art support vector machines (SVM) for classification and regression (Vapnik, 1995), the 
most popular ones include the nonlinear generalization of principal component analysis or kernel-PCA 
(Schölkopf, Smola, & Müller, 1998), and nonlinear Fisher’s discriminant analysis or kernel-FDA (Mika, 
ℜätsch, Weston, Schölkopf, & Müller, 1999); see (Shawe-Taylor & Cristianini, 2004) for a survey of 
kernel machines. Kernel machines are computationally attractive, with outstanding performance, validated 
theoretically by the statistical learning theory (Vapnik, 1995; Cucker & Smale, 2002). Despite these ad-
vances, nonstationary signal analysis and classification still has not benefited from these developments, 
although such techniques have been brought to the attention of the signal processing community. Few 
work combine kernel machines and time-frequency analysis, of these Davy et al. (2002) apply the SVM 
algorithm for classification with a reproducing kernel expressed in the time-frequency domain. More 
recently, Honeine et al. (2007) applied a large panel of kernel machines for nonstationary signal analysis 
and classification, while in Honeine et al. (2006) and in Honeine and ℜichard (2007) the optimality of 
the representation space is treated.

This chapter shows how the most effective and innovative kernel machines can be configured, with 
a proper choice of reproducing kernel, to operate in the time-frequency domain. Further, this approach 
is extended to the selection of the optimal time-frequency domain for a given classification task. For 
this purpose, the strength of the kernel-target alignment criterion is investigated for time-frequency dis-
tributions. The performance of the proposed approach is illustrated with simulation results. But before, 
a brief review of the principal elements of the theory behind kernel machines is presented.

rkhS And kernel mAchIneS: A BrIeF reVIew

The theory behind ℜKHS serves as a foundation of the kernel machines. The main building blocks of 
these statistical learning algorithms are the kernel trick and the ℜepresenter Theorem. In this section, 
these concepts are presented succinctly, after a short introduction on reproducing kernels.

reproducing kernels and rkhS

Let X be a subspace of L2(C) the space of finite-energy complex signals, equipped with the usual in-
ner product defined by á ñ òx x x t x t dt

i j t i j
, = ( ) ( )*  and its corresponding norm, where xj*(t) denotes the 

complex conjugate of the signal xj(t). A kernel is a function κ(xi, xj) from X×X to C, with Hermitian 
symmetry. The basic concept of reproducing kernels is described by the following two definitions 
(Aronszajn, 1950).
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