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Abstract
In this appendix, a number of modelling techniques for high-frequency time-series data will be described.
The first set of methods is situated in the domain of data stream mining, focusing finding (frequent)
patterns of events in the data stream and predicting upcoming events.
Second, cluster analysis techniques estimate the similarity between objects and propose a categorization
into k clusters.
A third set of methods is related to time-varying system identification, which tries to identify the system
behind a series of states in which the system is varying over time due to an unobserved scheduling
parameter.
In Section 4, probabilistic modeling techniques are discussed, which describe the data that can be
observed from a system, using probability theory to express the uncertainty resulting from noise and
missing data; issues that are often inherent when working with sensor data. Subsequently, probabilistic
reasoning can be used to infer additional knowledge and make predictions.
Finally, we present a reminder about statistical analysis on time series data that might be useful for
detecting various types of very long term tendencies. These methods are mainly used in econometrics
and financial analysis, but could be relevant to issues that arise in MANTIS.
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1 Pattern discovery and pattern-based prediction
Data Stream Mining is the process of extracting useful information from continuously incoming data. A
data stream is an ordered sequence of events that can typically be read only once by an algorithm, and
that is too large to be stored for later analysis. The main challenges for finding interesting patterns in
data streams are:
1. to instantly output up-to-date patterns
2. to keep the memory consumption within reasonable limits by summarizing the part of the
stream that has already been seen
3. to keep the results as correct as possible when deciding that parts of the data seen in the past
can be forgotten (e.g. concept drift)
The earliest methods for finding patterns in streams focused on finding frequent itemsets. An itemset is
a pattern consisting of a set of events, where the order in which the events occur is not important [1].
Typically, a data stream is assumed to consist of incoming transactions, each of which contains a
number of items (or events). The goal is to find sets of items that often occur together in the
transactions making up the stream. The existing methods can be classified in many ways. First of all,
the adopted approaches can be divided into the false-positive methods and the false-negative methods.
The false positive approach guarantees that all frequent itemsets will be found, but at a cost of
discovering some itemsets that are in fact infrequent. One of the best-known false-positive methods is
lossy counting [2]. Following on this work, further attempts have been made to improve on both
performance and accuracy of the proposed algorithm [3, 4, 5, 6].
The false negative approach gives a guarantee that no infrequent itemset will find its way into the
output, but some frequent itemsets may be missed as well [7]. Recently, a probabilistic lossy counting
method has been proposed that tries to balance between the two approaches [8].
A second classification of the existing methods can be made based on how the incoming stream is
processed. Update-per-transaction methods [3, 5, 6] instantly process events as soon as they occur,
while update-per-batch methods [2, 4] process events in bulk. Clearly, while the former approach is
capable of producing better results at any given moment, the latter approach results in higher efficiency.
Naturally, itemsets are not the only patterns that can be discovered in streams. A sequential pattern [9]
consists of a set of events which reoccur in a given order. Here, therefore, the order in which the events
occur in the stream does matter. There exists a large body of work in this field [10, 11, 12, 13, 14, 15,
16, 17, 18, 19], which can again be classified in a similar way as above.
However, neither itemsets nor sequential patterns can express all the possible interactions between
events that can occur in a stream. A much richer type of pattern are episodes [20, 21, 22], which can
express partial orders between the events making up a pattern. For example, a pattern "event A is
followed by events B and C, which are then followed by event D", where the order of B and C can vary,
can be expressed as an episode, but not as either a sequential pattern or an itemset. Discovering such
partial orders in a data stream has not yet been done.
Most existing pattern mining work in data stream mining has gone into finding frequent patterns.
However, frequency is certainly not the only possible quality measure that can be used to evaluate a
pattern. Recently, the "cohesion" quality measure has been proposed in order to evaluate itemsets
consisting of events occurring in a sequence of data [23]. Here, cohesion is defined as the average
minimal window (or time span) containing the entire itemset. The advantage of cohesion is that it
rewards more cohesive patterns even if they are less frequent than some other less cohesive patterns,
and that it also does not require a subjective user-defined parameter such as a sliding window length
[20], like many other algorithms.
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Finally, some efforts have been made to predict upcoming events in a stream, but existing work is rather
limited. For example, Hidden Markov Models based on frequent episodes mined from historical data
have been used for a prediction task in a stream [24]. However, this method can only predict whether a
predefined target event type will occur, and is not suitable for predicting arbitrary events. Two
algorithms, DeMO and CBS-Tree [25], attempt to make predictions using episode rules over event
streams. A rule is matched based on the latest minimal occurrence of the antecedent of the rule, and
the consequent event is then predicted. A further approach attempts to match multiple episode rules for
stream prediction by proposing an algorithm to generate all representative episode rules based on
frequent closed episodes [26]. However, both of these approaches use episode rules discovered in
historical data, while, in a streaming environment, we need to get the latest information from the
current data.
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2 Cluster analysis for time series data
Cluster analysis techniques estimate the similarity between objects and propose a categorization into k
clusters by comparing the distance of the object to be clustered to the existing clusters; the object that
needs to be clustered is assigned to the nearest cluster [27]. An important aspect of cluster analysis is
the distance metric that is used to obtain the similarity between objects. Several distance metrics have
been proposed, e.g. Euclidean and Minkowski [27], but these typically do not take into account that the
object characteristics can be time-ordered. When objects are characterized by time-ordered data points,
distance metrics that assume that the i-th point of one time series with the i-th point of the other may
produce a poor similarity score. It is better to use a non-linear or elastic alignment to have a more
intuitive similarity measure, allowing similar shapes to match even if they are out of phase in the time
axis (cf. Figure 1). This alignment procedure is known as Dynamic Time Warping [28], which is also
used in data synchronisation.

Figure 1 Dynamic Time Warping for distance measurement between two time series data streams
We propose to use a distance metric that incorporates Dynamic Time Warping as the distance metric
that underlies a cluster analysis. Cluster analysis can be used to detect groups of near-identical systems
in a network or fleet of collaborative systems that behave similar, but differently from the other groups.
The existence of clear system clusters may be a consequence of certain external influence, e.g.
orientation of solar panels with respect to the sun. However, if external influences can be discarded, it
may also be indicative of unexpected deviating performance behavior between presumably identical
systems.
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3 Time-varying system identification
System identification for linear time-varying systems is a generalization of the identification for
parameter-varying system identification. In parameter-varying system identification it is assumed that
the system properties are defined by a scheduling parameter, e.g., for a crane hoisting a mass, the
resonance frequency of the pendulum motion of the mass is defined by the cable length. During
hoisting, the cable length varies and thus affects the resonance frequency. Time-varying system
identification starts from the same point of view but considers that the system is varying over time due
to an unobserved scheduling parameter, e.g., when the cable length during hoisting is unknown. In
practice, modeling a system as time-varying is a more general approach to the parameter-varying system
identification, which requires an estimate of the scheduling parameter. When the scheduling parameter
is unknown, or not (adequately) measured, a time-varying system identification remains possible.
Several approaches exist to model parameter- or time-varying systems. A pragmatic method is to use
sliding windows to process consecutive short time records of the investigated system [29, 30]. Each time
record is processed as it was a time-invariant system. By sliding the window to consecutive time
instances and forgetting older results, an approximation of the time-varying system, built up from short
time-invariant models, is obtained. However, as such a method still processes each time record as a
time-invariant system the continuous time-varying nature is ignored causing an intrinsic delay in the
identification [31].
One possible alternative is to use parametric approaches that use either time-domain state-space models
with time-varying state space matrices, a.k.a. the polytopic state-space model [32], or within the
frequency domain where the model coefficients are considered as time-varying [33]. In these approaches
the state space matrices or the frequency domain coefficients are modelled as parametric models in
time, e.g., Legendre-polynomials and the time-varying nature of the system is part of the model.
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4 Probabilistic modelling techniques
Next to events, raw sensor data is typically noisy, continuous multi-stream data and also on this level a
wide range of mathematical and statistical algorithms are available to build models. Probabilistic
modelling techniques describe the data that can be observed from a system, using probability theory to
express the uncertainty resulting from noise and missing data. Subsequently, probabilistic reasoning can
be used to infer additional knowledge and make predictions.
Some well-known algorithms to build predictive models are neural networks, logistic regression, decision
trees, Bayesian networks, Kriging, Support Vector Machines, rational functions, splines, radial basis
functions, various classifiers and gradient-based online learning algorithms [33]. Time series models like
Box-Jenkins, auto-regressive integrated moving average models and adaptive neuro-fuzzy inferencing
systems, are also used to predict future behavior of a system by taking the autocorrelation, trends or
periodic variations of temporal data streams into account [34]. Multiple model types can be run in
concert and/or model ensembles can be built. Several approaches for the hyperparametrization of
models are available as well, e.g., Efficient Global Optimization, meta-heuristics, evolutionary algorithms
such as Particle Swarm Optimization, genetic algorithms [35] or simulated annealing. Model selection
can be done using algorithms like cross validation, Akaike’s Information Criterion, Bayesian Information
Criterion or a Leave-out set. The choice of appropriate algorithms is strongly dependent on the problem
at hand [36], and needs careful consideration within this project. It is also investigated how these
algorithms can be made robust with respect to large stochastic variability that is inherent to sensor
data, or the presence of latent variables that cannot be monitored by the sensors that are present in the
fleet. The above mentioned modeling algorithms also assume that the data stream is continuous and
uninterrupted. The use of probabilistic modelling techniques that can capture the relationships between
streams and derived features while being robust to missing data are also being examined. This will keep
the model effective when sensors fail.
In particular, Probabilistic Graphical Models (PGM) have grown in popularity due to their
interpretability and elegant visualization. The main constraint was, and is, the complexity of inference.
Where originally, only inference in tree-like representations was feasible, this has been upgraded to lowthreewidth graphical models to allow more complex interactions in a model as a result of improved
inference algorithms [37]. For example, this was the premise of Fault Tree Analysis for dependability
analysis and has been generalized to Bayesian networks [38]. In general, however, it is intractable to
perform exact inference in PGM. For this reason one typically resorts to sampling. The disadvantage of
approximate inference is the difficulty to detect whether the result is close to converging or not. An
alternative approach is to learn only graphs that guarantee tractable, thus efficient, inference. For
example, by limiting the allowed treewidth of the graph [39, 40]. A recent trend is to loosen the
treewidth constraint to models that can be represented by an arithmetic circuit (e.g. d-DNNF, SDD,
SPN) [41, 42]. These models allow a higher level of complexity while guaranteeing tractable inference.
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5 Statistical Analysis of Time Series Data
There might be use for MANTIS in implementing long term statistical analysis using similar techniques
as in for example economic statistics (econometrics). These methods are used for example in high
frequency trading (in stock markets), creating global statistical databases (e.g. EuroStat) or market
research for product entry.
The following summary will give a reminder about the basic techniques of statistical time series analysis,
give references for catching-up and discovering how it might be rewarding to research and implement
these approaches in MANTIS as well. There are several software tools that have already implemented
and verified.
These methodologies require pre-processed (basically query-able) time series data sets. That means the
data is registered with its timestamp(not necessarily equidistantly captured) and is available in high
resolution within a very wide timeframe (long term data). Let's assume that such databases are present
containing information sent in by devices of a MANTIS implementation.
Different types of very slow underlying issues could be detected, for example item wear, asset efficiency
degradation, sensory precision loss (calibration drifts) or changes in the production environment (even
human efficiency changes), while forecasting from trend analysis is also commonly used.
There is wide literature and available methodologies on analysing (high frequency) time series data.
There are several approaches to analysing time series data in economic statistics:
•
•
•
•

Basic analysis using chronological averages (on stock and flow typed time series), spread-like or
element-difference based metrics (measuring volatility)
ARMA-ARIMA based (Auto Regressive Integrated Moving Average) models (stochastic
approaches, like the Box-Jenkins-model [44], mostly used for short term analysis), for a detailed
introduction see [43]
Frequency- decomposition models (spectral analysis, wavelet analysis [49])
Time series regression models (regression models fitted on time series data)

Basic analysis can be useful, for example when the measured data is mostly constant or has thresholds,
like measuring different asset stocks or non-volatile trends.
There are several ARMA based models. For a detailed introduction to the field, see [47] or [48].
The decomposition models (as their name show) decompose time series (in basic econometric models)
using the following cyclical natural factors of productivity:
•
•
•
•

very long term slow trends (e.g. actual production issues caused by underlying problems)
quarterly seasonality: the natural fluctuation of supply-demand and production (e.g. the summer
is always less productive than the winter and there is nothing wrong with that)
irregular cyclical component (for example temporary issues)
accidental error (measurement error or by chance)

These models are mostly based on the Fourier transform. For a detailed summary of the field, see [45].
As the time series are often non-repeatable measurements, using these models often face problems
caused by measurement errors and noise. These issues can be mitigated by using statistical filtering and
smoothing methods, see [8] for summary of post Kálmán-filtering techniques.
The most basic technique is trend analysis: linear, polynomial, exponential, logistical or their
combinations, even ones reaching a saturation point. These trends can also be used for forecasting (ex
ante).
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These use basic MSE (Mean Square Error) approach, but there are other, more sophisticated filters, like
Hodrick-Prescott filtering. It is used to obtain a smoothed-curve representation of a time series, one that
is more sensitive to long-term than to short-term fluctuations. For further work on statistical filtering,
see [50].
Statistical hypothesis testing might also come in handy in the analysis of long term time series data.
These approaches might be useful for checking different parameters of partial time series as a
population, giving estimations on a whole process as population (e.g. production lines), or looking for
changes in the parameters of a population based on samples. The key words here are significance level,
population, (independent) sample(s), null and alternative hypothesis, test functions, distribution
functions, see [46].
•
•
•
•

Tests about statistical parameters based on samples (e.g. determining practical useful life
expectancies based on previous samples)
Tests for determining if sample follows a specific distribution (e.g. Pearson’s Chi Square test)
or if two samples are from the same distribution (e.g. Kolmogorov-Smirnov test)
Tests for determining population ratios (e.g. faulty products ratio based on multiple independent
samples)
Testing probabilistic independence between multiple samples

Here are some use cases where these approaches would be invaluable:
•
•
•
•
•
•

8

sensory input outage, missing data (e.g. with ARMA models)
Outlier data
Sensory drift, loss of calibration (e.g. with long term trend analysis)
Process deviation from samples (e.g. with distribution testing hypothesis)
Life expectancy from item sets
Faulty item ratios (e.g. with population ratio testing with samples)
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6 Related standards
- iec 61649: Weibull analysis
- IEC 61703:
support terms

Mathematical expressions for reliability, availability, maintainability and maintenance

- IEC 61165: Application of Markov techniques
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