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The recent progress in biomedical engineering, communications and robotics has brought
to light problems where the roles of nonlinearity, complexity and uncertainty are crucial.
The analysis of long, multimodal nonlinear signals within this scope is of special impor-
tance. An assessment of the signal’s multimodality and the nature of these modes in
terms of required model order and model nonlinearity should therefore naturally precede
the development of data processing techniques [2]. To this cause, common approaches
include mixtures of experts and incorporate the segmentation and a notion of prediction,
therefore still facing the problem of model order selection. Alternative methods exist
but they mainly focus on a single problem only: either mode detection, nonstationarity,
nonlinearity or determinism. A novel, model independent and computationally efficient
method is therefore proposed which simultaneously detects modes within the signal and
conveys information regarding the complexity required to properly model these modes.

Method

A novel method for time series characterisation, the ‘Delay Vector Variance’ (DVV)
method, which rests upon the ‘predictability’ of a time series, is proposed. Using the
time delay embedding method, a time series is represented in the phase space: for a given
embedding dimension m, a set of delay vectors (DV) x(k) = [xk−mτ , . . . , xk−τ ] is gener-
ated, each accompanied by a corresponding target: the next sample xk. For simplicity, the
time lag τ is set to unity. For a given embedding dimension m, the mean target variance
σ∗2, is computed over all sets Ωk, generated by grouping those DVs that are within a
certain distance d to x(k), i.e., Ωk = {x(k′)| k′ 6= k, ‖x(k′)−x(k)‖ ≤ d}. This distance is
varied in a standardised manner making the resulting DVV plots straightforward to inter-
pret. The proposed method examines the average variance of the targets, σ∗2, computed
over all sets Ωk, as a function of the distance used for generating Ωk. An example plot is
shown in Fig. 1. The presence of a strong deterministic component leads to small σ∗2s for
small spans of standardised distances. Furthermore, the DVV plots smoothly converge to
unity at the extreme right, since for maximal spans, all DVs belong to the same set, and
the variance of the targets is equal to the variance of the time series.

Simulations

To demonstrate the method, a biomedical data set consisting of physiological recordings
is used. The analysis are performed on the respiration (RES) and electro-encephalogram
(EEG) signals recorded during three naps of two human subjects. These data sets are
publicly available and have been used before in the context of mode segmentation [1].
The signals have been labelled into different sleep and wake stages by a medical expert.
The first application, mode segmentation, is concerned with differentiating between a
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Figure 1: Example DVV plot.

sleep and a wake mode. Using an efficient, incremental, updating procedure, DVV’s
are calculated on short windows that are slided one sample at a time. It is shown that
the extracted features remain consistent over different signals and allow inter- and intra-
subject generalisation. A further analysis is concerned with the characterisation of these
two modes in terms of their nonlinear nature. This can be assessed by a quantitative
analysis of the discrepancy between the DVV plot of the original time series and DVV plots
of so-called ‘surrogate’ time series. The results indicate a higher degree of nonlinearity
during wake than during sleep stages and are validated using two widely-used measures of
nonlinearity: the third-order autocovariance (C3) and the asymmetry due to time reversal
(REV) [3].

Conclusions

A novel way of characterising the nature of a time series by generating a Delay Vector
Variance (DVV) plot has been introduced. For nonstationary signals the DVV method
is modified to incorporate sliding time windows during which the signal is assumed to be
stationary. This way, it is possible to identify ‘modes’ within the signals and investigate
the nature of these modes. It has been shown that a subject-independent segmentation
into wake and sleep stages is possible and that the signals exhibit higher degrees of
nonlinearity during wake than during sleep stages.
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