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Predictive system for multivariate

time series

Prediction is one of the tasks being solved by people everyday. When encountering a com-
plex and possibly dynamic domain containing a large number of possible dependencies,
the predictive task can become too difficult to be solved by usual common sense reason-
ing. This article introduces Open Prediction System (OPS) - a system that helps to devel-
op predictive models automatically. It represents a general predictive system applicable
in a wide range of problem domains. The special attention is paid to the tasks of predic-
tion in multivariate time series motivated by problems common for utility companies that
distribute and control the transport of their applicable commodity. General issues of fore-
casting are discussed together with OPS predictive methodology implemented. Examples
of case studies of such system are also included.

1. Time series forecasting

Observing past outcomes of a phenome-
non of the interest in order to anticipate the
future values is referred to as forecasting or
predicting. When a complete and relevant
model describing the studied phenomenon is
known and all relevant initial conditions are
available, then forecasting becomes a trivi-
al task. However, when a model is unknown,
incomplete or too complex, then it is typical
to build a model that takes into account past
values of this phenomenon. In other words,
the model is based on “what the system does”
and not based on “how or why the system
does it”. The past values of the phenomenon
over the time form so called a time series of
a phenomenon. The prediction of future val-
ues of a phenomenon does not have to depend
on the past data exclusively. There might also
be additional and more relevant information
available in the present state of the environ-
ment. For example, prediction of water con-
sumption does not depend on past values of
water consumption only, but also on other rel-
evant information available, such as outdoor
temperature, measurement time, season, and
others. Such a multidimensional time series
dependency is usually referred to as multi-
variate time series.

In addition, due to the evolution of rapid
processing systems in recent decades the re-
search has been focused on the development
of intelligent systems that can design predic-
tive (or generally data) models of phenom-
ena automatically. The problem of empiri-
cal modelling is becoming very important
in many diverse engineering applications.
The performance of a constructed model de-
pends on the quantity as well as on the qual-
ity of the observations used during the mod-
el construction process. However, in most
cases, data is finite and sampled in a non-
uniform way. Moreover, due to the highly
dimensional nature of many problems, the
data is only sparsely distributed in the in-
put space. The learning problem is then con-
sidered as a problem of finding a desired de-

pendency using the limited number of obser-
vations available. All the mentioned reasons
resulted in attention being given to the use
of machine learning techniques and statisti-
cal predictive techniques for building predic-
tive models.
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ity of the created model of the phenomenon,
it is possible to extrapolate the identified pat-
tern to predict future values. As in most other
analysis, in time series analysis it is assumed
that the data consists of a systematic pattern
(usually a set of identifiable components) and
random noise (error) that usually makes the
pattern difficult to identify.

2. State of the art

Forecasting in time series is a common
problem. Different approaches have been
investigated over the years [1]. In princi-
ple, global and local models can be distin-
guished. In the global approach, only one
model is used to characterize the phenome-
non under examination. The local approach
is based on dividing the data set into small-
er sets, and each set is being modelled with
a simple model. The global models give gen-
erally better results with stationary time se-
ries that do not change with time.

The models themselves can be linear or
non-linear. The linear models for which the
theory is known and many algorithms for
model building are available can offer sim-

Fig. 1. Classification task - prediction of states

In general, there are two main goals of
time series analysis and prediction:

— Determining - identifying the nature of the
phenomenon represented by a sequence of
observations from the past and, in case of
the multivariate time series, by a sequence
of other system variables (supporting attri-
butes).

— Forecasting — predicting future values of
the phenomenon.

Both of these goals require that the pat-
tern of observed time series data is identified
and more or less formally described. Once
the pattern is established, it can be interpreted
and integrated with other data. Regardless of
the depth of the understanding and the valid-
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Fig. 2. Regression task - prediction of nume-
rical values
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Fig. 3. Predictive modelling in principle

plicity and comprehensibility. However, since
almost all measured phenomena are non-lin-
ear, many non-linear methods have become
widely utilized. More recently, machine
learning techniques have been studied as an
alternative to these non-linear model-driven
approaches. The process of constructing the
relationships between the input and output
variables is addressed by certain general-pur-
pose learning algorithms, such as neural net-
works, support vector machines, case-based
reasoning, and others.

3. Predictive methodology

The designed methodology [2] provides
a general predictive methodology allowing
predict numerical values (real numbers) as
well as discrete values (states, classes) (fig. 1,
fig. 2). The predicted output is based on cur-
rent data and on a built model. The model is
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built by applying the predictive algorithm to
the collected historical data. As reliable and
bigger collected dataset is available, a more
precise prediction is achieved. It is neces-
sary to define potentially relevant data as in-
puts and the corresponding outputs before the
learning phase. Such algorithms where his-
toric inputs and output are given are catego-
rised as a supervised-learning. When provid-
ing the current input data, the built model will
provide an output.

The participation of a problem domain
expert during the development of a represent-
ative model is usually an option, since the ex-
pert naturally understands which data is po-
tentially important and which is irrelevant to
the problem being solved.

To sum up, the development of the predic-
tion system can be divided into three main
phases. The first, the problem definition and
data acquisition part defines the prediction
problem and objectives. This phase also an-
alyzes and transforms the available data. The
main goal of the second phase — feasibility
study — is to create and validate prediction
models using the collected data. The simu-
lation of on-line regime quarantines the sta-
bility and reliability of the solution. The last
phase integrates the prediction system with an
existing information system or a stand alone
application is developed.

4. Open Prediction System

The Open Prediction System (OPS) [3] is
a software tool employing the technology that
finds solutions for prediction and data min-
ing tasks (fig. 3). The OPS is used to deter-
mine relevant features from collected data-
bases. The features are used to build models
in order to detect potential harmful situations,
predict future values and trends, as well as to
support strategic planning and resource allo-
cation. The prediction engine offers flexible
data structures and combines several machine
learning algorithms. The building and verifi-
cation of predictive models are completed ef-
fectively and with a minimal effort.

The OPS is useful for feasibility studies
to decide about the applicability and suitabil-
ity of collected data with respect to the de-
fined problem. The models may be custom-
ised and configured quickly and effortlessly.
The OPS provides many presentation capa-
bilities such as reports or graphs to simplify
the evaluation of algorithms. Once the per-
formance of the designed solution meets the
requirements of the customer, the customised
predictive module(s) may be integrated into
the target information or control system of
the customer.

The final prediction module typically em-
ploys several models based on various machine
learning techniques to achieve a higher stabil-
ity and reliability of the prediction. The final
module is based on the configuration resulting
from OPS based study/evaluation phase.

The prediction modules are the customer
oriented part of OPS. They work completely
autonomously within an information system
they are designed for. The prediction modules
are integrated into an information system that
provides prediction modules with all inputs.
The modules regularly update the prediction

a company hinges on delivering high quality
goods to the right place at the right time. Util-
ity companies are usually bound by two con-
tracts: one to the global supplier and the oth-
er to end-customers. It is important to nego-
tiate cost-effective contracts with both sites.
Predictions show where conditions should be
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Fig. 4. OPS predictive methodology

according to a defined interface protocol au-

tomatically without any other assistance.

Generally, a custom prediction module can

be designed as a stand alone application.
There are the following main features

of OPS:

— Flexible data pre-processing including
data transformation, filtration, and meta-
-data definition.

— Support of time series data pre-processing,
typical for utility companies.

— Availability of wide range of model
building algorithms.

— Combination of diverse solution support
stability and better performance.

— Fast development cycle.

5. Case studies

5.1 Utility companies

A typical practical problem of multivar-
iate time series prediction can be connect-
ed with networked resource distribution sys-
tems. These systems are usually called utili-
ty companies. Transported commodity might
be for example water, electricity, gas, sew-
age, and many others. Unsubstantiated deci-
sions on capacity allocation usually lead to
substantial problems relating to reputation
and to profit. That is why reliable answers
to questions such as: “How much? Where?
When?” provide a company with a consider-
able competitive advantage. The reputation of

pushed and where compromises can be ac-
cepted. The OPS has a built-in data process-
ing support that especially suits typical needs
of utility companies. The original data set can
be processed in order to meet the demands of
the prediction task being solved.

The gas distribution companies have enor-
mous demand for gas consumption predic-
tion within a day. If they can foresee (predict)
larger than the defined consumption then they
have the possibility to react so that they do
not exceed the daily consumption limit. When
the limit is exceeded, then a local distributor
is charged an expensive penalty. A number of
local distributors or their customers have the
possibilities to switch to an alternative ener-
gy source to overcome short periods of peak
consumption. The prediction system provides
an operator with predictions of gas consump-
tion for the day every hour. The prediction be-
comes more precise every hour as new data is
collected. The predicted future consumption
value is passed to the information system and
gives the main guideline in timely peak con-
sumption identification.

Heat production and long-distance distri-
bution via heating and distribution of a fluid
media (water) greatly depends on various ef-
fects. The energy consumption and losses are
effected by the input media itself, past and
immediate environment conditions, network
topology, and types of customers. These rela-
tions are far from trivial as they intensely in-
teract and deal with numerous time constants.
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Short-time heat consumption prediction can
help to optimise the temperature of the dis-
tributed media while its long-term counterpart
can serve to optimize its storage.

5.2 Processing of biological signals

The implantable pacemakers are accepted
as an alternative and effective therapy for pre-
venting sudden cardiac death due to heart ar-
rhythmia. The early detection of heart failures
can improve the functionality of the pacemak-
er. The atrial fibrillation is the most common
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Fig. 5. Prediction system development

supraventricular arrhythmia associated with
a considerable risk of morbidity and mortal-
ity. The main objective of the study was to
discriminate (classify) several types of atri-
al arrhythmias using the atrial and ventricu-
lar intracardiac signals. The OPS was used
to analyze and pre-process the raw measured
data, to develop a set of definite features, and
to construct classifiers.

5.3 Industrial diagnostics

Condition monitoring of induction mo-
tor driven pumps involves detecting of com-
monly encountered faults associated with
the pumps before these faults become very
serious (resulting e.g., in the shutdown of
a process plant). The project was dedicated
to timely detection of such faulty conditions.
The main goal was to develop a robust deci-
sion tool transforming values of the on-line
measured signal features (current consump-

tion, frequency, etc.) into a distinct state clas-
sification (e.g., normal operation, cavitation,
and blockage).

Classification of events in the heating sys-
tem represents a task focused on the intelli-
gent analysis of specific pump utilization and
the optimal pump control. One of the main
objectives of the project was to detect events
in the heating system and subsequently adjust
the pump operating point in order to mini-
mize its power consumption while maximiz-
ing flat-dwellers’ comfort.

6. Conclusion

All-encompassing advancements in the
fields of computers, measurement devices,
and telecommunications enable companies
and institutions to collect and store their ex-
tensive operational data effectively and inex-
pensively. These data are a potential source
of valuable knowledge. Data warehouses and
their on-line analytical processing can answer
simple and well-posed questions of operative
control. Nevertheless, the field of informatics
provides a great variety of additional meth-
ods to investigate and (more or less) formally
express complex associations and patterns. In
parallel, problem-oriented predictive models
can also be inferred and applied. Such pre-
dictive models can be used to improve effec-
tiveness, flexibility and timeliness of control,
and production or distribution processes. The
OPS represents a general tool that helps in
rapid prototyping of problem-oriented pre-
dictive systems from the particular operation-
al or other data.
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