Testing for Chaos in Deterministic Systems with Noise

Georg A. Gottwald School of Maths and Stats

University of Sydney NSW 2006, Australia

Ian Melbourne Department of Maths and Stats University of Surrey Guildford GU2 7XH, UK

24 November, 2004

Abstract

Recently, we introduced a new test for distinguishing regular from chaotic dynamics in deterministic dynamical systems and argued that the test had certain advantages over the traditional test for chaos using the maximal Lyapunov exponent.

In this paper, we investigate the capability of the test to cope with moderate amounts of noisy data. Comparisons are made between an improved version of our test and both the “tangent space” and “direct method” for computing the maximal Lyapunov exponent. The evidence of numerical experiments, ranging from the logistic map to an eight-dimensional Lorenz system of differential equations (the Lorenz 96 system), suggests that our method is superior to tangent space methods and that it compares very favourably with direct methods.

1 Introduction

Given time series data from a deterministic dynamical system, it is often of interest to determine whether the underlying dynamics are regular or chaotic. For example, heart rate data measured in electrocardiograms are believed to be chaotic for the case of healthy patients but show regularity in the case of congestive heart failure (see Wagner & Persson [19] for an overview).

The usual test of whether a deterministic dynamical system is chaotic or nonchaotic is the calculation of the maximal Lyapunov exponent λ. Standard references include [1, 4, 7, 8, 11, 17]. A positive maximal Lyapunov exponent indicates chaos: if λ > 0, then nearby trajectories separate exponentially and if λ ≤ 0, then nearby trajectories stay close to each other. This approach has been widely used for dynamical systems whose equations are known. If the equations are not known or one wishes to examine experimental data, then λ may be estimated using the phase space reconstruction method of Takens [18] or by approximating the linearisation of the evolution operator.

In a previous paper [5], we introduced a binary test for distinguishing between regular and chaotic dynamics in deterministic dynamical systems. The test has two main advantages over computing the maximal Lyapunov exponent:

(i) The test applies directly to time series data, so that phase space reconstruction is not required. Moreover, the form and nature of the underlying dynamical system is irrelevant; the test applies equally well to continuous time systems and discrete time systems, to experimental data and maps, to ordinary differential equation and partial differential equations.

(ii) It is a binary test (in principle, the test yields 0 or 1), so a numerically computed value of 0.01 say yields a definite conclusion, whereas such a value for the maximal Lyapunov exponent would not.

The theoretical basis for the validity of any numerical test for chaos relies on the availability of unlimited noiseless data. In practice, it is necessary to work with limited amounts of contaminated data. The only way to determine the utility of the test in such situations is to try it out on different examples and see how it fares in comparison with existing methods. Such a comparison is carried out in this paper.

In Section 2, we describe an improved version of the test introduced in [5]. In Section 3, we briefly review the tangent space and direct methods for computing maximal Lyapunov exponents. In Section 4, we apply the test to the logistic map contaminated with measurement noise. Here, our test compares extremely favourably to the tangent space method for computing the Lyapunov exponent. In Section 5, the test is applied to contaminated data from an eight-dimensional ODE and is seen to compare favourably even to direct methods.

2 The (modified) test for chaos

Our test for chaos in this paper is a slightly modified version of the test that we introduced previously [5]. In this section, we describe the modified test and compare it with the one in [5]. We focus throughout on discrete data sets ϕ(n) sampled at times n = 1, 2, 3, . . . (The continuous time case is similar, cf. [5].) Here, ϕ(n) is a one-dimensional observable obtained from the underlying dynamics.

Choose a constant c ∈ R at random. In practice, we choose a number of different values of c as detailed below. For each value of c, define p(n) = n∑ j=1 ϕ(j) cos(jc), n = 1, 2, 3, . . . (2.1)

Next, define the mean square displacement M(n) = lim_{N→∞} 1 N N∑ j=1 [p(j + n) − p(j)]^2, n = 1, 2, 3, . . .

If the dynamics is regular (periodic or quasiperiodic), then with probability one M(n) is a bounded function of n. However, if the dynamics is chaotic (in a fairly mild sense), then with probability one M(n) = V n + O(1) for some V > 0. (For justifications of these statements, see [5] and the references therein.) Define the asymptotic growth rate of the mean square displacement K = lim_{n→∞} log M(n) log n . Then K = 0 signifies regular dynamics whereas K = 1 signifies chaotic dynamics.

Next suppose that we have a finite amount of data ϕ(n), 1 ≤ n ≤ N. Define M(n) = 1 N − n N−n∑ j=1 [p(j + n) − p(j)]^2.

Provided n ≪ N it is reasonable to expect that M(n) scales with n in a similar way to before. To avoid logarithms of negative numbers, we plot log(M(n) + 1) against log n for 1 ≤ n ≤ N_1 for some choice of N_1, 1 ≪ N_1 ≪ N. In practice, we have found it convenient to choose N_1 = N/10. This choice is made throughout the paper without further comment. (A disadvantage of our test is that we cannot use the full available data set for our statistics in the computation of the mean square displacement.) We define K to be the slope of the line of best fit on the resulting data set, using least square regression. The test is now that K close to zero signifies regular dynamics and K close to 1 implies chaotic dynamics.

For short data sets (with or without noise) there is an inconvenient resonance phenomenon, where a given choice of c may resonate with frequencies in the underlying dynamics. For example, if the signal is 2π-periodic and we choose c to be an integer, then a simple argument using the Fourier series for ϕ(n) shows that typically p(n) will grow linearly yielding K = 2. A near-integer choice of c results in K = 0 eventually but the convergence is very slow; for a small number of iterates the computed value of K is likely to be closer to 1 than to 0. The situation for quasiperiodic dynamics is even worse since “bad” choices of c are now dense. Nevertheless, there is zero probability of making a bad choice in theory. In practice, numerical experimentation shows that even for short data series, the bad choices of c are rare but do occur from time-to-time.

Our resolution of this problem is to choose several values of c at random, computing K for each choice of c. Then we take the median value of K. (We do not take the average of K, since when c does fail it can fail quite badly.)

To demonstrate the improvement in the modified test, we consider the logistic map x_{n+1} = μx_n(1 − x_n),

varying the parameter μ in the range 3.5 ≤ μ ≤ 4 in increments of 0.001. Starting with initial condition 0.0001, we use N = 1, 000 iterates, after a transient of 20, 000 iterates. We take ϕ(n) = x_n.

In Figure 1, we show how the old method [5] compares with the modified test, where for the modified test we take the median of 100 different values for c. It is clear that there is a dramatic improvement in our test for chaos. (A comparison with traditional Lyapunov exponent methods is carried out in Section 4.) An obvious criticism is that K is always far from 1 for such short data sets. In later sections, we demonstrate that this issue is of little consequence in comparison with traditional methods. Our purpose in this section is solely to compare the modified test with our old test.

Figure 1: Plots of K versus μ for the logistic map f(x) = μx(1 − x), with 3.5 ≤ μ ≤ 4 using 1, 000 iterates and noise-free data. (a) The old test [5]. (b) The new test with 100 values of c.

In Figure 2, we compare the effects of taking 1, 10, 100 and 1000 different values of c. It is clear from these results that taking one choice of c is not effective and that taking 10 values of c is a dramatic improvement, though some periodic windows are still poorly defined. This is remedied by going to 100 values of c, and increasing to 1000 does not make a significant further improvement. In the remainder of the paper, we use 100 values of c.

Figure 2: Plots of K versus μ for the logistic map f(x) = μx(1 − x), with 3.5 ≤ μ ≤ 4 using 1, 000 iterates and noise-free data. The median value of K is taken from m values of c where (a) m = 1, (b) m = 10, (c) m = 100, (d) m = 1000.

Remark 2.1 There are two differences between the modified test presented here and the test introduced in [5]. The first is that we now use several values of c. The second is that in [5] we defined p(n) by the more complicated prescription:

θ(n + 1) = θ(n) + c + ϕ(n) p(n + 1) = p(n) + ϕ(n) cos(θ(n)) } . (2.2)

We note that the modified p(n) in equation (2.1) can be recovered by removing the ϕ(n) term in the formula for θ(n + 1) in equations (2.2).

Numerical experimentation (specifically with the forced van der Pol oscillator considered in [5]) shows that the modified definition of p in (2.1) is inferior for long data sets with no noise when only one choice of c is used. This was our reason for including the extra ϕ(n) term in (2.2). However, this term is no longer advantageous when 100 choices of c are sampled. Moreover, (2.1) now has the advantage that p(n) scales linearly with the data and so is far less susceptible to measurement noise than the test in [5].

3 Traditional methods

Suppose that ϕ(n) is the data set originating from an unknown deterministic dynamical system. (As usual ϕ is some one-dimensional observable of the system under investigation.) To compute the maximal Lyapunov exponent, it is first necessary to reconstruct the dynamics [18]. Define the m-dimensional delay vector ξ_n = {ϕ(n), ϕ(n + τ), ϕ(n + 2τ), · · · , ϕ(n + (m − 1)τ)}. Here, the delay time τ > 0 is chosen to be an integer. If the underlying dynamics x_n lies inside a d-dimensional phase space, then the delay reconstruction map x_n → ξ_n is an embedding provided m > 2d + 1 (corresponding to Whitney’s embedding theorem [20]). Sauer et al. [14, 15] extended Takens’ work by showing that it suffices to take m > 2d_0(A) where d_0(A) is the fractal box-counting dimension of the attractor. Under these conditions, the reconstructed dynamics ξ_1, ξ_2, . . . in R^m faithfully represents the underlying dynamics.

The maximal Lyapunov exponent for a map ξ_{n+1} = f(ξ_n) is defined to be λ = lim_{n→∞} 1 n log(‖Df^n_{ξ1} ‖). (3.1)

There are (at least) two main numerical approaches for computing the maximal Lyapunov exponent: the tangent space method and the direct method.

In tangent space methods, a model is fitted to the data to approximate the Jacobian. By (3.1), the maximal Lyapunov exponent is defined as the product of the Jacobian of the the linearised flow along the given trajectory. If the underlying equations are not known the Jacobian can be approximated. Such tangent space methods were first introduced by Eckmann & Ruelle [3], and then further developed by Sano & Sawada [13] and Eckmann et al. [4].

Direct methods use the fact that nearby trajectories separate on average asymptotically at rate e^{λn}. The original algorithm by Wolf et al. [21] allows the computation of the whole spectrum of Lyapunov exponents. Rosenstein et al. [12] and Kantz [6] concentrated attention on the maximal Lyapunov exponent, and developed a more robust method. In the method by Rosenstein et al. [12] for each m-dimensional vector ξ in the reconstructed phase space, its nearest neighbour ξ^⋆ is determined. Rosenstein et al. calculate C(k) =< log |f^k(ξ)−f^k(ξ^⋆)| > where the angles denote averaging over all ξ = ξ_1, ξ_2, . . . The function C(k) shows roughly three different regimes. An initial regime of flat increase, a subsequent interval with exponential behaviour, and finally a plateau (because the separation cannot go beyond the extension of the attractor). The maximal Lyapunov exponent is determined by the slope of C(k) in the usually quite short range of exponential behaviour.

Remark 3.1 There are a number of inherent problems of both the tangent space method and the direct method, linked to phase space reconstruction. These difficulties, which include the choice of embedding dimension m and delay parameter τ, are well-documented and we refer to Casdagli et al. [2] and Schreiber & Kantz [16] for detailed discussions.

4 Comparison with tangent space methods

In this section, we compare our test with the tangent space method. Note that the definition of the maximal Lyapunov exponent (3.1) is itself a tangent space method. We use the method developed by Sano & Sawada [13]. In particular we study the influence of measurement noise.

As discussed in Section 3, tangent space methods seek to approximate the Jacobian Df^n(x_0). In the case of measurement (additive) noise, the noise is amplified by higher order nonlinearities. Similarly, if the dimensionality of the underlying dynamical system is large, the evaluation of the diagonalised Jacobian requires extensive multiplication of the individual matrix elements of the Jacobian, and noise is again amplified by this process.

Neither of these problems arises in our test. Measurement noise only enters our diagnostic variable p(n) linearly via the observation ϕ(n) irrespective of the underlying dynamical system.

We consider an illustrative example. Our contaminated data has the form ~ϕ(n) = ϕ(n) + (N /100)η_n where x_n is the clean data, N is the noise-level in percent, and η_1, η_2, . . . are i.i.d. random variables drawn from a uniform distribution on [−1, 1]. We note that the results are similar in the case of normally distributed noise.

As in Section 2, we study the logistic map

x_{n+1} = μx_n(1 − x_n), (4.1)

varying the parameter μ in the range 3.5 ≤ μ ≤ 4 in increments of 0.001. We again use data sets consisting of N = 1, 000 iterates, after a transient of 20, 000 iterates starting from the initial condition 0.0001. Throughout, we take ϕ(n) = x_n as the observable.

Our results for noise-free data are shown in the first column of Figure 3. As a benchmark, we compute the “exact” Lyapunov exponent making use of the explicitly given form of the map in (4.1), see Figure 3(a), Next, we use the tangent space method proposed by Sano & Sawada [13] for approximating the dynamics on the tangent space using phase-space reconstruction, see Figure 3(b). The results from our modified test (Section 2) with 100 values of c are shown in Figure 3(c).

Now we add measurement noise with noise-level N = 1%. As can be seen from Figure 3(e), the phase space reconstruction method by Sano & Sawada [13] performs rather poorly. Moreover, the numerical values and the overall qualitative behaviour of the maximal Lyapunov exponent with respect to varying μ depends very sensitively on the particular choice of the embedding dimension m and the value chosen to define nearest neighbours. In contrast, our test performs as well as it did in the noise-free case, see Figure 3(f).

It turns out that the tangent space method copes poorly with measurement noise even when phase space reconstruction is not required. To see that this is the case, we fed contaminated data into the exact expression for the Jacobian computed analytically from (4.1). In Figure 4, we show the results for the “exact” tangent space method compared with our test, both with 10% measurement noise. This seems to be conclusive evidence that our test is better than the tangent space method. We have also verified that our test deals comfortably with 20% noise.

There is another advantage of our method, even in the noise-free case. Suppose that a whole scan through the bifurcation parameter is not available but instead data is only available for one particular value of the bifurcation parameter. A value of 0.2 for the maximal Lyapunov exponent is inconclusive (see for example the periodic windows in Figure 3), whereas a value of K = 0.01 indicates regular dynamics. In this sense, our test is a better absolute test than the Lyapunov exponent.

Figure 3: Plots of the Lyapunov exponent and K versus μ for the logistic map (4.1) with 3.5 ≤ μ ≤ 4 using 1, 000 iterates. First row: “Exact” Lyapunov exponent. Second row: Method by Sano & Sawada with m = 2 and 0.000001 as an allowed distance to define nearest neighbours. Third row: Our test with 100 different values of c. The first column uses noise-free data. The second column incorporates 1% measurement noise.

Figure 4: Plots of the Lyapunov exponent and K versus μ for the logistic map (4.1) with 3.5 ≤ μ ≤ 4 using 1, 000 iterates with 10% noise. (a): “Exact” Lyapunov exponent. (b): Our test with 100 different values of c.

5 Comparison with direct methods

In this section, we compare our test for chaos against the direct method for computing the maximal Lyapunov exponent. In particular, we use the direct method proposed by Rosenstein et al. [12].

The standard Lorenz equation is a 3-dimensional truncation of a certain system of partial differential equations (PDEs). This is too simple a system to present a challenge for testing for chaos. Hence, we study the n-dimensional Lorenz system, known as the Lorenz 96 system: dx_i dt = x_{i−1}(x_{i+1} − x_{i−2}) − x_i + r with i = 1, · · · , n . (5.1)

This system of ODEs was first introduced by Lorenz as an idealised model for the atmosphere [9], and has been studied by Orrell & Smith [10]. In the following we choose n = 8. For 3.8 ≤ r ≤ 3.9 there are periodic windows, whereas for 5.4 ≤ r ≤ 6.8 most regular windows are due to quasiperiodic dynamics [10]. Throughout, we integrate the system using a time step of 0.05 and calculate until 250, 000 units of time after a transient of 75, 000 units of time. However, we use only the data recorded after each 2.5 units of time, yielding a time series of N = 10, 000 data points. In this way, we obtain a discrete time series mimicking the situation for experimental data. As an observable we take ϕ = x_2 + x_3 + x_4, so ϕ(n) = x_2(t) + x_3(t) + x_4(t) with t = 2.5n. We focus first on the range 3.8 ≤ r ≤ 3.94 with increments of 0.00025. The “exact” maximal Lyapunov exponent calculated by solving the analytic linearised flow for a noise free trajectory is shown in Figure 5(a) and serves again as a benchmark to compare maximal Lyapunov exponents with our test.

In Figure 5(b,c) we show the results for noise-free data for the direct method and for our method. We used m = 4 as the embedding dimension, having first verified that m = 4 yields the the best results when compared to the “exact” maximal Lyapunov exponents. The actual numerical values of the maximal Lyapunov exponents are very sensitive on the choice of the embedding dimension m in the direct method; for larger embedding dimensions there are convergence problems resulting in maximal Lyapunov exponents that are too small. Both tests identify all periodic windows correctly. Our test indicates regular behaviour at r = 3.8175 whereas the “exact” maximal Lyapunov exponent is positive at that value of r indicating chaotic behaviour. As a matter of fact there is a periodic window close by at r = 3.817525 which we checked by using the “exact” maximal Lyapunov exponent.

The results for i.i.d. measurement noise using a noise-level of 10% are shown in Figure 6. The methods seem to perform roughly on an equal level. However, the direct method fails as an absolute test. For example, within the periodic window in

3.82675 ≤ r ≤ 3.828 the value of the maximal Lyapunov exponents are 95% of its neighbouring chaotic values. In contrast, our test shows clear distinctions and works as an absolute test.

Figure 5: Plots of the maximal Lyapunov exponent and K versus r for the 8- dimensional Lorenz 96 system (5.1) in the regime 3.8 ≤ r ≤ 3.94 using N = 10, 000 noise-free data points. (a): “Exact” maximal Lyapunov exponent. (b): Maximal Lyapunov exponent, direct method [12]. (c): Our test.

Figure 6: Plots of the maximal Lyapunov exponent and K versus r for the 8- dimensional Lorenz 96 system (5.1) in the regime 3.8 ≤ r ≤ 3.94 using N = 10, 000 data points with 10% measurement noise. (a): Maximal Lyapunov, direct method [12]. (b): Our test.

Next, we consider the quasiperiodic regime 5.25 ≤ r ≤ 5.5 increasing in increments of 0.0005. The “exact” maximal Lyapunov exponent is shown in Figure 7(a). In Figure 7(b,c), we show the results for noise-free data for the direct method and for our method.

Whereas the K test shows a distinction of regular quasiperiodic motion and chaotic motion near r = 5.25, the direct method cannot properly resolve this. Also, the regular windows at 5.47 ≤ r ≤ 5.473 and at 5.449 ≤ r ≤ 5.4575 are not resolved, and the chaotic peak within the latter quasiperiodic window is indistinguishable from the values of the neighbouring regular region.

In Figure 8, we show the results for the quasiperiodic regime when 10% measurement noise is added. Here, the direct method fails both as a relative test in the interval 5.449 ≤ r ≤ 5.4575 and as an absolute test overall. In contrast our method works well as a relative and absolute test.

Figure 7: Plots of the maximal Lyapunov exponent and K versus r for the 8- dimensional Lorenz 96 system (5.1) in the quasiperiodic regime 5.25 ≤ r ≤ 5.5 using N = 10, 000 noise-free data points. (a): “Exact” maximal Lyapunov exponent. (b): Maximal Lyapunov exponent, direct method [12]. (c): Our test.

Figure 8: Plots of the maximal Lyapunov exponent and K versus r for the 8- dimensional Lorenz 96 system (5.1) in the quasiperiodic regime 5.25 ≤ r ≤ 5.5 using N = 10, 000 data points with 10% measurement noise. (a): Maximal Lyapunov exponent, direct method [12]. (b): Our test.

6 Summary

We have presented a modification of our test for chaos [5] which better handles moderate amount of contaminated data. In particular we have simplified the diagnostic equation, and we now compute the asymptotic growth rate K as the median value over realizations over many different values of c.

We have shown that our test is much better at coping with measurement noise than tangent space methods. Moreover, in the case of high dimensional ODE’s we found that our method compares well also with the direct method proposed by Rosenstein et al. [12] in the noise-free case, and shows much better results in the case of underlying quasiperiodic dynamics in the presence of measurement noise. Our test works well as a relative test and also as an absolute test for moderately short time series contaminated by measurement noise.

Since our test applies directly to the time-series data, bypassing the need for phase space reconstruction, we anticipate that the advantages of our method will be magnified for data from partial differential equations and from real experiments. (However, the comparison is complicated by the increased difficulty in generating the data and the fact that often in these situations the “correct” answer is not known beforehand, which is why a reliable test is required in the first place.) This will be the subject of future work.

Acknowledgements Both authors are grateful to Leonard Smith for helpful suggestions. The research of GG was supported in part by the Australian Research Council. The research of GG and IM was supported in part by EPSRC Grant GR/S22714/01.

GG acknowledges the hospitality of the Department of Mathematics and Statistics of the University of Surrey where parts of this work was done. IM is greatly indebted to the University of Houston for the use of e-mail, given that pine is currently not supported on the University of Surrey network.

References

[1] H. D. I. Abarbanel, R. Brown, J. J. Sidorovich and L. S. Tsimring. The analysis of observed chaotic data in physical systems. Rev. Mod. Phys. 65 (1993) 1331–1392.

[2] M. Casdagli, S. Eubank, J. D. Farmer and J. Gibson. State space reconstruction in the presence of noise. Physica D 51 (1991) 52–98.

[3] J. -P. Eckmann and D. Ruelle. Ergodic theory of chaos and strange attractors.

Rev. Mod. Phys. 57 (1986) 617–656.

[4] J. -P. Eckmann, S. O. Kamphorst, D. Ruelle and S. Ciliberto. Liapunov exponents from time series. Phys. Rev. A 34 (1986) 4971–4979.

[5] G. A. Gottwald and I. Melbourne. A new test for chaos in deterministic systems.

Proc. R. Soc. London A 460 (2004) 603–611.

[6] H. Kantz. A robust method to estimate the maximal Lyapunov exponent of a time series. Phys. Lett. A 185 (1994) 77–87.

[7] H. Kantz and T. Schreiber. Nonlinear time series analysis. Cambridge University Press, 2nd edition, 2004.

[8] W. Lauterborn, T. Kurz and U. Parlitz. Experimental nonlinear physics. J.

Franklin Inst. 334B (1997) 865–907.

[9] E. Lorenz. Predictability - a problem solved,in Predictability (1996), edited by T. Palmer, Eurpoean Centre for Medium-Range Weather Forecast, Shinfield Park, Reading, UK.

[10] D. Orrell and L. Smith. Visualising bifurcations in high dimensional systems; The spectral bifurcation diagram. Int. J. Bifurcation and Chaos 13 (2003) 3015–3028.

[11] T. S. Parker and L. O. Chua. Practical Numerical Algorithms for Chaotic Systems. New York: Springer. 1989.

[12] M. T. Rosenstein, J. J. Collins and C. J. De Luca. A practical method for calculating largest Lyapunov exponents from small data sets. Physica D 65 (1993) 117–134.

[13] M. Sano and Y. Sawada. Measurement of the Lyapunov spectrum from a chaotic time series. Phys. Rev. Lett 55 (1985) 1082–1085.

[14] T. Sauer, J. Yorke and M. Casdagli. Embedology. J. Stat. Phys. 65 (1991) 579– 619.

[15] T. Sauer and J. Yorke. How many delay coordinates do you need?. Int. J. Bifurcation and Chaos 3 (1993) 737–744.

[16] T. Schreiber and H. Kantz. Noise in chaotic data: diagnosis and treatment.

Chaos 5 (1995) 133–142.

[17] T. Schreiber. Interdisciplinary application of nonlinear time series methods. Phys.

Reports 308 (1999) 1–64.

[18] F. Takens. Detecting strange attractors in turbulence. Lecture Notes in Mathematics 98, Berlin: Springer, (1981) 366–381.

[19] C. D. Wagner and P. B. Persson. Chaos in the cardiovascular system. Cardiovasc.

Res. 40 (1998) 257–264.

[20] H. Whitney. Differentiable manifolds. Ann. of Math. 37 (1936) 648–680. [21] A. Wolf, J. B. Swift, H. L. Swinney and J. A. Vastano. Determining Lyapunov exponents from a time series. Physica D 16 (1985) 285–317.