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Abstract: Nature processes are typically nonstationary,
many of them exhibit chaos. In some situations, the changes
in their behavior represent the most interesting event. A nat-
ural way of analyzing such data is by the study of phase
space trajectories over time. In this study, we employ con-
cepts from Data Streams, a subarea of Machine Learning,
for detecting such dynamical changes. The proposed method
is capable of dealing with data continuously produced at high
rates. Experiments with synthetic confirm our approach de-
tects dynamical changes on nonlinear and nonstationary data
with noise added.
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1. INTRODUCTION

Several processes found in nature have the characteristics
of being nonlinear and nonstationary. They are very com-
mon, for example, when observing natural or cultural phe-
nomena, such as recordings from living beings [3]. Many
of them can also exhibit chaos, producing time series that
are complicated — even when the processes are deterministic,
due to sensitive dependence on initial conditions.

Since almost every traditional nonlinear method for time
series analysis assume some stationarity, detecting nonsta-
tionarity is a crucial task [6]. Furthermore, in some situations
the nonstationarity is the most interesting event. In several
fields, such as physical, medical, engineering and economic
sciences the detection of changes in the process behaviors is
very important [2].

The basic tool often used for nonlinear time series analy-
sis is the time delay embedding [3], which permits the recon-
struction of the processes phase space. Such representation,
instead of time or frequency domain approaches, is the fin-
gerprint of the field. Let sy = {s1,82,...,5,} be a time
series, i.e. a sequence of scalar measurements with size V.
The time delay reconstruction in m dimensions is given by:
(m—l)'r)? (1)
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where x,, is a state on the phase space, specified by a vec-
tor x € R™. The dimension m is referred to as embedding
dimension, and 7 as the delay time.

Most of the methods for detecting dynamical changes in
time series perform their task by examining the reconstructed
phase space. Commonly, a sliding window is handled over
the time series, reconstructing the phase space and applying
an underlying method for every window. Thus, each window
is represented by a single number. This number is then ana-
lyzed considering the sequence of numbers already produced
by the method over the last windows, and when a change is
detected, it is stated that a dynamical change happened in
the data. Examples of methods are the largest Lyapunov Ex-
ponent estimate [5], Recurrence Plots [4] and Permutation
Entropy [2].

In recent years, we have seen the uprise of processes that
generate huge amounts of online data, such as sensor net-
works. Potentially, these data can be produced at rapid rate
and can grow indefinitely. For these kind of data, referred
as data streams, new algorithms were developed for dealing
with the new challenges, as the need of online processing and
limited storage.



In this paper we propose a method for detecting dynami-
cal changes in data streams. As data streams are potentially
unbounded, we limit our storage by processing every data
point as it is received, dropping it afterwards. This is a differ-
ent method from the traditional literature, as we do not use
sliding windows. We maintain a model of the actual phase
space, updating it as new data points arrive. First, when a
data point is received, we reconstruct its (phase space) state.
This reconstruction is performed in a online fashion, which is
also a novel in this work. Next, we use a algorithm from the
data stream field called DenStream [2] for clustering every
reconstructed state, composing the model of the actual phase
space. This algorithm also considers that states that com-
poses the model fades over time. Analyzing the behavior of
this algorithm, as proposed in [7], we are able to detect when
the model changes, therefore detecting a dynamical change
in the data stream.

This paper is organized as follows: in the next section
the traditional methods from the literature are described; in
Section 3 the proposed method is detailed; in Section 4 the
experiment is described and its results are discussed; and in
the last section, conclusions are presented.

2. RELATED WORK
2.1. Lyapunov exponent

One of the most important methods for detecting dynam-
ical changes in time series is by estimating the largest Lya-
punov exponent for each window. The Lyapunov exponents
can be thought as a ellipsoid of m dimensions. Choosing two
random trajectories produced by the same dynamical system
but with subtle different initial conditions, each dimension
of the ellipsoid represents the distance between each dimen-
sion of the states x; and y; of different trajectories. As the
time elapses, i.e. ¢ increases, the ellipsoid change its size.
If the dynamical system in study exhibit chaos, the largest
Lyapunov exponent (A1) will, on average, exponentially in-
crease. Commonly only the largest Lyapunov exponent is es-
timated, as it provides the most important information about
the process in study [5].

Traditionally the largest Lyapunov exponent is estimated
on a sliding window over a time series, producing positive
values which indicates chaos and negative values otherwise.
By the analysis of \; over time, a dynamical change can be
detected. The biggest disadvantage of this method is that the
algorithms are computationally expensive.

2.2. Recurrence Quantification Analysis

Another important method is based on the Recurrence
Plot, introduced in the late 1980’s. Recurrence Plots are a
powerful analysis tool which can be employed in nonsta-
tionary, nonlinear and chaotic time series [4]. By the con-
struction of a binary recurrence matrix which indicates which
states from the phase space are neighbors, a specialist is able
to visually identify patterns in the data. This method is par-
ticularly interesting for high-dimensional data.

In order to reduce the subjectivity caused by the visual
interpretation of the Recurrence Plots, it is preferred to use
measures of complexity known as Recurrence Quantification
Analysis. This measures are computed based on the tex-
tures contained in the recurrence matrix, such as counting the
number of black dots with regard to white dots (called Recur-
rence Rate), or counting the largest largest diagonal line.

2.3. Permutation Entropy

Both methods previously described (and most of the
methods from the field), quantify the dynamical changes
based on aspects of the nearest neighbors in phase space.
Thereby those methods are computationally expensive [2].
A more recent method, called Permutation Entropy, uses a
different approach: it maps each state of the phase space into
a symbol, and then calculates the entropy of such sequence
of symbols. It is reported that such method is up to 100 times
faster than approaches used to estimate the Lyapunov expo-
nent [2].

3. THE PROPOSAL

In order to detect dynamical changes in data streams,
we propose the use of a method for clustering data streams
widely used in the literature, called DenStream [1]. As main
features, the DenStream processes each received data point
only once; it handles noise and outliers; and the most impor-
tant feature for this work: it assumes that data streams change
their behavior over time. For this, the algorithm manages a
set of structures called micro-clusters, which are responsible
for summarizing the received data points. These structures
can be viewed as hyperspheres in a multidimensional space,
capable of absorbing new data data points by changing their
information. Next we define a micro-cluster.

Definition of micro-cluster: let a group of close points
P1,- .., Pp With time stamps 1, . . ., t,, being summarized by
a micro-cluster c,,. The weight of this micro-cluster is a func-
tion of the data points time stamps: w = > ., f(t — ;),
where ¢ is the actual time. The center of this micro-cluster
is defined as ¢ = # and the radius as r =

2im f(t_f;)dm(pj 70). In all these equations, the function
f(-) is a fading function f(t) = 27**, where A > 0 (this
function is frequently used in temporal applications [1]). As
this algorithm accepts only “dense” micro-clusters, two re-
strictions are made: for the weight, w > p, and for the ra-
dius, r < ¢, i.e. the micro-clusters has minimum weight and
maximum radius.

Based on the micro-cluster information (center, radius
and weight), the algorithm differentiates them in two types:
potential micro-clusters and outlier micro-clusters. Both
have the same structure as described before, but they are
managed differently by the algorithm. When a micro-cluster
has its weight w greater than a threshold 3 - p it is consid-
ered a potential micro-cluster; otherwise it is considered a
outlier micro-cluster. The idea is that frequently updated hy-
perspheres are considered as potential.




When a new data point arrives, the algorithm chooses the
most appropriate potential micro-cluster for merging. Then,
this micro-cluster has its weight, center and radius updated.
If the new radius exceeds a threshold value, i.e. the vari-
ance in this hypersphere is considered too large, the merge is
not allowed, and therefore the algorithm chooses the closest
outlier micro-cluster for merging. This new possible micro-
cluster has its information updated. If the new radius is small
enough, but the weight has increased more than a threshold,
this outlier micro-cluster change its role to a potential one.
On the other hand, if the merge has failed again, a new out-
lier micro-cluster is created only for this new arrived point.
Note that a micro-cluster can change its role over time.

Additionally, the DenStream periodically promotes the
administration of micro-clusters, by fading them all: this
way, some are removed and some potential micro-clusters
are updated to outliers.

We use the algorithm DenStream for detecting dynamical
changes in a data stream produced at a fast rate. For this,
the whole proposed method should work in a online way, i.e.
it should process every data point received by the stream.
The proposed method is divided in three steps: i) the online
reconstruction of phase space; ii) the clustering; and iii) the
detection of dynamical changes. Every obtained data point is
processed by the three steps.

When a data point s, is received from the data
stream, the first step is to reconstruct the state vector
xy. For this, it is necessary to use data points from
the past, namely the s; r,8;—27,...,8—(m—1)r- Sub-
sequently the reconstruction of the state vector x; =
(8t 8¢—7>8t—275-++,5t—(m—1)r), the data point s; should
also be stored for further state vector’s reconstructions. A
buffer of size (m — 1) - 7 is enough.

On the second step, the reconstructed state vector X; is
then clustered by the algorithm DenStream [1], which man-
ages the merging, creation and removal of micro-clusters
(potential and outliers). This step represents the space phase
of the data stream considering a fading function, i.e. micro-
clusters suffers from aging, slowly decreasing their impor-
tance to the algorithm up to the point they are removed.
In addition, new micro-clusters can be created, representing
new behaviors of the data. We use such changing on the
micro-clusters for detecting dynamical changes.

The third step is performed by analyzing six rates gath-
ered from the algorithm DenStream: the merging, creation
and removal from the potential and outlier micro-clusters, as
proposed in the work of [7]. Analyzing these rates it is ex-
pected to detect when a dynamical change has happened in
the underlying data stream. For example, when the rate of
merging is large, it is likely that no change is happening. On
the other hand, if the rates of creation and removal of micro-
clusters are increasing, it is likely that a dynamical change is
happening.

4. EXPERIMENT AND RESULTS

We performed a experiment on a nonlinear and nonsta-
tionary data stream generated by sine functions, shown in
Figure 1. The stream has 2, 000 data points in which 5 sines
are generated, with 400 data points each, varying from 0 to
1. On the fifth sine, we modified its values to its surrogate,
i.e. the statistics was preserved (as the first and second mo-
ments), but the time-dependence was broken. Thus in the
fifth part of the data stream a dynamical change happens, and
it is expected the method to detect it. We also added 5% of
noise produced by a Normal distribution.
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Figure 1 — The data stream used for the experiment, composed
of 5 sines, in which the last one is a surrogate (i.e. the first and
second moments are identical, but the time-dependence is bro-
ken.)

In Figure 2, we show the results of the proposed method.
In the top-most plot, it is shown the received data stream;
in the center plot, it is presented the rate of creation, merg-
ing and removal of potential micro-clusters (PMC); and in
the bottom one, the rate of creation, merging and removal of
outlier micro-clusters (OMC). In all plots, we indicate with
a vertical bold line the end of the second sine. From the be-
ginning of the data stream to this point we consider the algo-
rithm was learning the data pattern. After this point, one can
notice that all the rates (presented on the center and bottom
graphics) are mostly constant, with the data points merging
on PMCs while all the other rates are mostly zero. When
a change happens, indicated by a vertical dashed line, the
rate of merging on PMCs falls abruptly, and the creation of
OMCs (and consequently the merging of OMCs) increases
substantially.

The proposed method were capable of learning the “nor-
mal” behavior of the data stream, and consequently detect the
dynamical change of it. The experiment were performed in
a online fashion, i.e. no use of batch processing or even slid-
ing windows. For this experiment, it was tested a frequency
up to 400 Hz for the incoming data stream, which have not
affected the performance of the method.

The great disadvantage of the proposed method is the
number of parameters to set. In total it is necessary to define
4 parameters, namely the A, for the exponential fading func-
tion; €, the minimum radius threshold for a micro-cluster; u,
the minimum weight threshold for a micro-cluster; and /3,
the factor which divides a micro-cluster from being potential
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Figure 2 — Results from the experiment. The top graphic shows
the received data stream. The center graphic presents the rate
of potential micro-clusters that were created, merged and re-
moved. The bottom graphic shows the rate of creation, merging
and removal of outlier micro-clusters. From the time O to the
bold vertical line it is the time the algorithm was learning the
data behavior. From the bold vertical line to the dashed vertical
line, the behavior does not change. And after this, a dynamical
change happened.

or outlier. Besides this, it is also necessary to set the embed-
ding dimension m and the delay time 7 for reconstructing the
phase space (which can be estimated).

5. CONCLUSIONS

In this paper we presented a method for detecting dy-
namical changes in data continuously produced at high rate,
known as data streams. We performed a experiment in a on-
line environment, in which every data point received from the
stream was processed by the method. As a result the method
was capable of successfully perform the detection. As far
as our knowledge, there is no literature on using algorithms
from the data streams field for detecting dynamical changes.
Moreover, it is also a novel to reconstruct the phase space
in a online fashion. We think the proposed method can be
used for applications such as sensor networks for detecting
changes on the underlying phenomena.

As future work, we plan to analyze the method when more
complicated data streams are used, for example ones exhibit-
ing chaos. Besides this, we intend to develop an automatic
parameter estimate for the method, based on a “normal” be-
havior set from the data stream.
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