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Abstract. This paper describes a conceptual framework for the online monitoring of wind
turbines (WTs) relying on an object–oriented (OO), event–and–decision tree–driven platform
for information processing and propagation. To this end, a WT is viewed as a multilayered
system of objects (e.g. structure, controller, actuator, etc.) that are defined on the basis of
abstract superclasses, attributed with specific properties and methods. The former generally
provides insight about the current state of the respective object, while the latter communicates
state information and determines the interaction among objects and events. The term state
refers herein to a set of mutually exclusive “positions”, which a specific object may reach (e.g.
safe, critical, fail, etc.), while an unknown state is also included in order to take into account
possible combinations of events that have not been registered during the design phase and would
eventually be identified in the decision tree through the real–time telemetry. The envisioned
platform is purely probabilistic, e.g. a set of probabilities is initially assigned to all events and
updated accordingly, based on actual information extracted from the WT. This information may
either be acquired using sensors (through corresponding sensor objects), or may be estimated
using appropriate algorithms (through corresponding methods, such as Kalman-based filters).
A paradigm of the proposed conceptual framework focuses on the tower substructure of the
WT and indicates the potential of the proposed approach, especially in respect to the design of
specialized software for monitoring and diagnostics of both new and existing WT installations.
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1 INTRODUCTION

Despite the fact that wind turbines (WTs) constitute one of the most important, continu-
ously evolving and expensive structures in modern engineering [1, 2], their maintenance and
inspection is still succeeded using conventional methods [3], such as visual inspection (planned
and unplanned), non-destructive evaluation (i.e., crack detection using ultrasound technologies)
and post–processing of SCADA data. Specialized methods are only focused on specific compo-
nents, as for example the condition monitoring (CM) of elements of the drive train (i.e., gearbox
and main bearing) [4], while structural health monitoring (SHM) systems are deployed mostly
for research purposes, or only during the certification stage, and are far from forming part of the
actual engineering practice [5]. As a result, there exist currently no systematic, quantitative and
automated tools for monitoring, detection and diagnostics of WTs, for operation, maintenance
(O&M) and decision making within their life-cycle.

In identifying possible reasons for this discrepancy, one may argue that state–of–the–art
CM and SHM methods are still not straightforward to adopt, when O&M engineers are in fact
seeking robust and reliable decision making tools that compress data in user–friendly output
formats. They are also by default “local”, in the sense that they are configured for monitoring
only a specific WT component (e.g. the blade, the gearbox, the tower etc.), and they generally
lack cross communication and interaction capabilities. As a result, in this way, interconnecting
links or the monitoring of critical events among the components of a WT is a non-trivial task.

A remedy solution to this problem may be provided via implementation of event and deci-
sion trees. Event trees are traditionally used in quantitative risk analysis of engineering systems,
laying a path from an initiating event to an end state of a system. An initiating event may corre-
spond to a sudden increase in wind speed (gust) or an earthquake tremor, and the corresponding
end states may pertain to critical interference of a wind turbine blade with the tower surface
or a crack in the concrete foundation, respectively. For a given initiating event, multiple end
states are possible. Intermediate chronological events make up the branches leading from the
initiating event to the end state, and each event is associated with a probability of occurrence.

Under this perspective, previous studies have presented general purpose solutions that are
based on event and decision trees [6, 7, 8], as well as on Bayesian networks [9]. However,
their common feature is that they only correspond to the design phase of the system and, once
formulated, they remain static. In this work, we propose real-time updating of decision trees
as a decision-making tool for O&M that integrates live data (or estimates) from the individual
components of WTs. Decision trees are preferred over Bayesian Networks, as the former can
be easily updated from data, they are visually more appealing and simpler to interpret, while it
is easier to follow and track an event path, a way that follows the sequence and chronology of
how events are interlinked.

On the basis of our proposed supervisory platform, (i) events are classified and event prob-
abilities are updated via real time telemetry from the WT; and (ii) new initiating events and
end states are identified. In the first step, a set of condition and/or structural data samples can
be trained using decision trees, which are initially provided by engineers. Then, by running
new data through the trees, classification and prediction may be carried out. Data that does not
fit the existing decision tree structure is used to identify new initiating events and end states.
We stipulate that such a framework can be used for real-time monitoring and diagnostics of
structures, root cause analysis of future failures and quantitative risk analysis in the context of
operation and maintenance scheduling of components. The use of decision trees is motivated by
the fact that they tend to be easier to interpret than other quantitative data-driven methods such
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Figure 1: Schematic of a wind turbine and its interaction with the environment.

as Bayesian networks (Bayesian networks may link more variables in complex, direct and indi-
rect ways, rendering interpretation oftentimes problematic) [10]. Furthermore, the learning and
updating process of decision trees from real–time data is a far more mature field as compared
to the training of Bayesian Networks [11].

Our envisioned approach follows an object–oriented (OO) architecture. This implies that all
the aforementioned features are developed as corresponding properties and methods of abstract
classes and interfaces, instances of which are used to interpret a multi–layered diagram of WT
objects and the interactions among them. Decision trees are embedded locally in a specific
object (i.e., the tower, the controllers, the blade, etc), which is essentially a finite state machine.
Under this layout, possible CM and SHM tools are also locally registered and they are used to
determine the current state of an object and/or notify neighbouring objects for the occurrence
of an event or a change in state.

2 PROBLEM FORMULATION

2.1 The wind turbine

Figure 1 sketches a representative wind turbine (WT) facility and its interaction with the
environment. The WT is exposed to wind and wave loads, which act primarily on the structural
components, i.e., the foundation, the tower and the blades. While the wave motion is a typi-
cally uncontrolled (and often unmeasurable) form of structural excitation, the wind speed and
direction are essentially responsible for the production of energy. The latter is achieved via the
effective cooperation of the pitch and yaw control systems that optimally adjust the angles of
the blades and the nacelle.
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Component Function
Rotor blades Convert aerodynamic forces into rotational motion

Drive train Converts the rotational motion of the rotor blades into elec-
tric power, and consists of main bearing, main shaft, gear-
box, brake, coupling and generator

Nacelle and main frame Houses and supports the drive train and transfers the loads
from the rotor to the tower, respectively

Tower Erects the rotor up in the air, and insures that the loads are
transferred from the rotor down to the foundations

Foundation Ensures load bearing capabilities and support of the wind
turbine (resist overturn)

Controllers Ensure that the turbine operates within the structural design
limits, while maximizing power extraction from the wind

Sensors Measure quantities critical for operation and monitoring
(e.g. wind speed & direction, pitch and yaw angles, bear-
ing’s acceleration, etc.)

Actuators Transfer the control commands to the structural components
(e.g. nacelle and blade hub)

Safety systems Override control commands to ensure safety and structural
integrity of the wind turbine

Table 1: The main components of a WT and their functionality.

A modern WT is composed of several interrelated subsystems that fulfill specific tasks. The
most important of these are listed in Table 1, along with their main functionality. It must be
noted that each subsystem consists of a number of subcomponents itself, rendering the WT a
complex multi–level engineering system. Indicatively, the drivetrain consists of a frame con-
struction that supports the main bearing, main shaft, the gearbox, a brake and a high–speed
coupling, as well as the generator that transforms the mechanical motion into electrical en-
ergy. It is thus apparent that the structural and operational integrity of the facility are strongly
dependent on the constitutive sub–components of each sub–system.

2.2 The monitoring problem

Under this setting, the problem considered herein pertains to the establishment of a robust,
data–driven supervision platform for the monitoring of WTs over their whole life-cycle, which
combines three main drivers:

[D1] An effective tool attributed with the ability of tracking, identifying and classifying indi-
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vidual events based on real–time telemetry from components and propagating their im-
plications to the global state.

[D2] The integration of a probabilistic framework, aiming at projecting the current state of all
individual components to the future, and providing both short and long–term predictions
of the local and global safety margins.

[D3] Flexibility of the tool to integrate new components (e.g. new sensors, new controller, etc.)
in the context of evolving structures.

Due to the inherent complexity of the monitored system, the envisioned supervision platform
should be further attributed with adaptive tools that may create sequences of events that were
not predicted during the design stage. The conceptual framework of such a platform is outlined
in what follows.

3 THE SUPERVISORY MONITORING PLATFORM

3.1 Description

The proposed monitoring framework is based on the OBEST paradigm [6, 7] and its pre-
decessor [8], in which engineering systems and their constitutive components are represented
as objects (e.g. instances of predefined classes) that are interlinked and exchange information
with respect to their current state. OBEST is composed of four different views that describe the
functionality of a system in various levels. These are the system structure diagram, the inter-
action diagram, the state transition diagram and the data flow diagram. In our implementation
we currently focus on the first three, as the latter is strongly dependent on the availability of
measured information from the WT, rather than to an explicit scheme that is defined during the
design stage of the WT.

The system structure and interaction diagrams describe the constitutive objects of the system
and their interaction, respectively. For a WT, a merged view of both is displayed in Fig. 2,
where the boxes correspond to the individual WT components and subsystems and the arrows
to the interactions among them. In general, a piece of information received by an object results
in altering its internal state or a subset of its fundamental characteristics (attributes). This ac-
cordingly implies the transmission of another piece of information that communicates its new
condition to further objects. Thus, the behaviour or state of each component in the system is
entirely encapsulated within the confines of an object and the performance of the entire WT is
represented by combining and connecting object models for individual components or subsys-
tems.

Each component/subsystem has an internal representation that is modelled using discrete,
mutually exclusive states and corresponding state transition events (refer to Sec. 4 for a visual
interpretation of such a diagram). The initial state transition trees are herein provided by the
component engineer/designer. However, unlike in traditional quantitative risk assessment and
system reliability, the initial (a-priori) event-state transition trees are further updated by actual
measurements of the WT system; we propose to perform the updating using a decision tree
learning approach (ID3, CART, C4.5/5.0, Random forests, Naive Bayes, etc.) [12].

3.2 Data–driven probabilistic updating

A novelty of our framework is the integration of Structural Health Monitoring (SHM) data,
such as strains and accelerations, complementary to Condition Monitoring (CM) ones such as
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Figure 2: A simplified WT structure and interaction diagram (combined).

control signals, status logs, temperature, etc. when monitoring a structure and diagnosing any
faults or failure. This is observed in Fig. 2, where the Sensors object (see below) receives both
wind speed and strain measurements as inputs from the blade and subsequently forwards this
information to the pitch control algorithm object. Both condition and structural signals are then
propagated through the pitch control object internal event tree until an end state is reached and
an output message is accordingly transmitted to the pitch actuators object.

The updating aspect of the framework consists in identifying new branches in the event tree
and classifying initially unknown end states. Such end states could be, for example, operating
modes such as normal, critical, abnormal, fault, failure, and unclassified. As the continuous
stream of telemetry is propagated through the event trees of each component, classifications
and predictions are continually accomplished. Decision trees are admittedly not the the most
competitive means of classifying telemetric data or for assessing conditional probabilities in
complex systems, but they offer the benefit of straightforward interpretation by non-expert op-
erators via visualization of the chains of events following an accidental end state. Another
advantage of decision trees is related to diagnosis, which is the task of locating the source of a
system fault once it is detected by tracing the sequence of events in the tree that lead to fault or
failure [13].

Such an object oriented framework together with updating through decision tree learning
is appealing in the context of a system that is continuously evolving/ageing in time, which
is particularly true for a wind turbine system. For instance, ageing and degradation of the
blade composites or the gearbox bearings introduce new and previously unaccounted for states,
which could be captured via decision tree learning. Furthermore, wind turbines are operating
under significantly diverse environmental conditions, hence the resulting ageing process and
the faults appearing may not be identical across similar systems. The decision tree learning
offers the possibility to infer new and distinct states from each of operating turbine. Finally, a
common scenario involves renewal and replacement of components on wind turbines; for in-
stance ten years into the operation of a wind turbine, the operator may decide to introduce a
new pitch control algorithm/features for load reduction, which then introduce new operating
modes (events) and states. In the context of the proposed object oriented framework for moni-
toring and diagnostics, this can be readily achieved and seamlessly integrated with the already
existing components (objects).

The framework we propose is probabilistic in nature. The first possibility here is to use
the decision tree, where the conditional probability of an end state EndStatei depends on the
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Figure 3: Indicative classes and interfaces (in red) of the supervisory platform.

conditional probabilities of the preceeding events ei on a path such that:

P (EndStatei) = P (e1) · P (e2 | e1) · P (e3 | e2, e1) ... (1)

The limitation appears when the component displays a behaviour with feedback (i.e., after a
repair or update in the system) or for evolving systems (e.g. when new sensors are integrated or
aging of the system), which implies a need to establish several decision trees based on the pos-
sible ordering of the events or based on new initiating events. One way around this is to convert
decision tree learners to undirected Markov networks [14] or make use of hidden Markov deci-
sion trees [15, 16]. An alternative is to map the decision trees learners into Bayesian Networks
for further assessment of the conditional probabilities [17]. The conditional probabilities of the
end states are a means to predicting the likelihood of potential fault or failure occurring. Such a
probabilistic approach would inherently include uncertainties stemming from measurements.

For systems comprising several elements, the number of different combinations of inspection
and maintenance could be large [18]. The possibility to update the conditional probabilities of
end states and intermediate events based on real-time telemetry facilitates pre-posterior type
of analysis (i.e., assessment of the value of data before they become available), and allows for
optimal planning of inspection and maintenance on the structure.

3.3 Objects

An extensive outlining of the individual classes that define the objects of the WT subsystems
falls outside the aim of the current study. However, our framework relies on a number of ab-
stract class and interface definitions, which may be easily inherited to other pending subclasses.
These are illustrated in Fig. 3 and follow the conventional object oriented design pattern. In
the current stage of our conceptual interpretation, these are separated into two broad categories:
the first corresponds to classes directly related to the WT and its constituent subsystems (e.g.
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Figure 4: Interaction diagram for the tower substructure. Tower extends class structure.

windTurbine class, structure class, controller class, etc.), while the second category defines the
aspects of the supervisory platform that correspond to interactions, events and information flow
(e.g. associated interfaces and eventTree, state and observer classes).

The specified properties and methods of the definitions of Fig. 3 are indicative and may
include any individual method that is integrated into the monitoring platform. For example, an
adopted SHM method that may be used for tracking the remaining fatigue life of s structural
element can be placed within the setState() method of the structure class. Similarly, a Kalman
filter that may be established for estimating unmeasured states required for the controller class
can be registered within the readEstimators() method of the observer class.

4 EXAMPLE: THE TOWER SUBSTRUCTURE

As an indicative example of our framework, we focus on the tower component of the WT. A
tower object is an instance of the tower class, which is a child of the structure superclass and
inherits its properties and methods. Figure 4 illustrates the adopted interaction diagram. It is
assumed that both waves and wind do not contribute in a significant way to the excitation of the
tower. Thus, its structural response is only affected by the interaction forces that are developed
with its neighbouring components, the foundation and the rotor-nacelle assembly. The latter
are also instances of the corresponding foundation and nacelle classes, again children of the
structure superclass.

Fig. 5 displays an indicative event-state transition tree for the tower. The properties of the
state class of Fig. 3 are clearly indicated, along with events that have been specifically defined
for this object. Notice the presence of an Unclassified state and Unknown events in Fig. 5.
The decision tree would, based on the real–time telemetry from the tower, learn those unknown
events and the corresponding unclassified states. In a fully probabilistic framework, all the
events among the different states must be attributed with corresponding conditional probabil-
ities. The latter are initially assigned during the design stage and updated accordingly with
respect to the actual structural behaviour based on the real-time telemetry. The latter could
be achieved by combining both sensors, which provide a direct indication of the structural re-
sponse at the measurement points, and estimators, which can be utilized in order to estimate the
structural response in unmeasured spots along the tower [19]. The term estimator could refer to,
but is not restricted to, Kalman filters, surrogate models, and reduced time marching simulators
which could be run in near real-time.
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Figure 5: An event–state transition tree of the WT tower.

5 CONCLUSIONS

We provided a conceptual description of a monitoring and diagnostics framework of wind
turbines. The framework combines three main drivers:

[D1] tracking, identifying and classifying individual components’ decision trees based on real–
time telemetry and propagating their implications to the global state

[D2] real-time updating of conditional probabilities of events and end states of each component
aiming at providing both short and long–term predictions of the safety margins

[D3] flexibility to integrate new system components (e.g. new sensors, new controller, etc.) in
the context of evolving structures

The above drivers are rendered possible by the OO architecture of the framework, where each
component (object) is defined as an extension of an abstract superclass. Two broad families
of superclasses are defined, the first pertaining to the wind turbine and the second relating to
interaction, events and information flow. We illustrate the framework with an example case-
study involving the tower object.
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