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ABSTRACT
Data Integration is a well elaborated scientific area and one of the most
important use cases of the Semantic Web. Techniques developed in this field
aim at providing interoperability between heterogeneous data sources. Compared to typical Semantic Web use cases, data integration issues are manifold
and also affect applications through their underlying schemas. Civil engineers specialized in risk and measurement analysis need a reliable Decision
Support System (DSS) that integrates various required techniques. Hence,
Structural Health Monitoring (SHM) applications tend to adopt typical integration concepts, but not by regarding data and their semantics independent
from the application domain. Instead, such a DSS should be accessible in
an integrated manner to support the usage of methods and techniques from
different systems according to their intended operational purpose. This paper
presents some practical examples of using Data Mining operations which enable a better understanding of the analysed data and which can be successfully
integrated into a unified DSS for SHM.

INTRODUCTION
Standardization and Integration are two major topics in the EU funded FP7
project IRIS (Integrated European Industrial Risk Reduction System). Based
on these two main objectives, a concept for an integrative usage of different
measurement analyzing functions for Structural Health Monitoring (SHM) like
Fast Fourier Transformation (FFT), Wavelet Transformation, etc. is required.
These operations are partly available within systems like BRIMOS R (Bridge
Monitoring System) (see [1] and [2]), but not in an integrative and guided
manner. The problem of using such systems is the lack of semantic behaviors
and conditions for measurement analysis: Many operations are available, but
not everyone knows which function should be executed in which scope
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(e.g. clustering operations can be useful in addition to certain pre-existence
data discovery methods) and how (parameters, semantics, notification, etc.).
Therefore the integration approach of heterogeneous Decision Support Systems (DSS) for SHM in [3] should provide a framework for these purposes
and proposes opportunities to be guided through data analysis tasks, also involved data preparation and assessment. This paper will cover the differences
and challenges to integrate Data Mining frameworks like WEKA ([4] and [5]),
RapidMiner [6] or R [7] in the sense of [3].
The integrative usage of DSS in SHM is a major challenge concerning ”Black
Box” systems like BRIMOS R , where integration is not possible analogous to
Open Source APIs like WEKA or RapidMiner. Hence, the implementation of
a Passive Decision Support Integration System (PDSIS), as a proof of concept
for [3], started by integrating operations from RapidMiner [6].
In addition to RapidMiner, WEKA and R, which are briefly described below, there are several problematic issues foreseeable for the integration approach in [3]. Therefore challenges regarding heterogeneities and differences
which concern specific notification mechanisms (Server-Client-Application, Web
Services, APIs and Libraries, etc.) have to be covered and solved in a semantic
integrated manner.
The rest of this paper is structured as follows. Section 2 gives an overview
of related work in the domain of integration systems in general, like Observer,
DOME or COIN (see [8]). Section 3 covers measurement assessment systems
for SHM and examines their functionalities and capabilities of overall decision
support in an integrated manner. Section 4 describes PDSIS concepts and
their advanced usage of state-of-the-art data mining frameworks like RapidMiner or WEKA. Section 5 presents some illustrative examples and compares
the results obtained before and after applying additional data mining methods to the transformed output data of BRIMOS R . Finally, in section 6,
we summarize the paper and discuss future issues and outstanding scientific
questions.

RELATED RESEARCH
This section will give a short overview of appropriate related work of integration systems in general. Approaches like OBSERVER, DOME or COIN
are introduced. [9] and [10] compare and describe different approaches of information integration systems in detail and focus on the use of ontologies for
integration purposes. In the following we will analyse whether these systems
are suitable for the integration of heterogeneous decision support systems in
a well-defined workflow [3], [9], [10]:
• SIMS (Search In Multiple Sources): “SIMS appeared in 1993 as an
information mediator. The system essentially provides access and integration to multiple sources of information [10].”
• OBSERVER (Ontology Based System Enhanced with Relationship for
Vocabulary hEterogeneity Resolution): “OBSERVER is an approach
that proposes managing multiple information sources through ontologies [10].”
• DOME (Domain Ontology Management Environment): DOME is focused on ontology development by using software reverse engineering

•

•

•
•

techniques [10].
KRAFT (Knowledge Reuse And Fusion/Transformation): “KRAFT
was primarily conceived to support configuration design of applications
among multiple organizations with heterogeneous knowledge and data
models. It uses the concept of “Knowledge fusion” to denote the combination of knowledge from different sources in a dynamic way [10].”
Carnot: “The Carnot Project was initiated in 1990 with the goal of
addressing the problem of logically unifying physically distributed, heterogeneous information [10].”
InfoSleuth: “The InfoSleuth project is an extension of Carnot to make
legacy database systems easily accessible via Web [10].”
COIN (Context Interchange): “The COIN Project was initiated in 1991
with the goal of achieving semantics interoperability among heterogeneous information sources [10].”

Having a brief introduction of these integration approaches and after studying them in detail [10] one can see that these approaches are mainly used
to integrate information and data in ontologies or to combine different information sources. The difference to our integration approach is that besides
combining data sources, we also considered the enhancement of collaborative
usage of heterogeneous decision support systems based on a predefined general
workflow [3]. For more detailed information about the integration approach
of heterogeneous decision support systems for Structural Health Monitoring
see [3].

MEASUREMENT ASSESSMENT SYSTEMS FOR STRUCTURAL HEALTH MONITORING
Recent research in SHM has been focusing on the development of robust
and cost-effective structural health monitoring systems by integrating and
extending technologies from various engineering and information technology
disciplines.
The BRIMOS R (Bridge Monitoring System) [2] technology is based on
Ambient Vibration Monitoring and has been used for many years in the field
of Structural Health Monitoring. Ambient Vibration Monitoring can be defined as a method for system identification and damage detection in bridge
structures due to its dynamic response to ambient excitation such as wind,
traffic and micro seismic activity.
BRIMOS R offers a well-defined rating system for investigated structures.
This classification allows a fast identification on the structure’s integrity as
well as the corresponding risk level based on modal parameters, visual inspection reference data.
The rating is a classification based on several research projects, where more
than 1000 structures have been assessed and the learned experience has been
integrated into the assessment procedure. This classification allows a fast
identification of the structure’s integrity and the risk level according to the
measured dynamic parameters.
SHMTools 1 is a Matlab package that enables the construction of structural
1

http://institute.lanl.gov/ei/software-and-data/SHMTools/

health monitoring (SHM) processes. It provides a set of functions which are
organized into modules according to the three primary stages of Structural
Health Monitoring: data acquisition, feature extraction and feature classification. It has a modular function design and uses standardized parameter
formats which make it easy to create and test various customized SHM processes.
Another SHM system for assessing the health of large structures is introduced in [11]. It uses a networked sensor system and the Matlab Web Server.
The system includes an automatic sensor system that transfers the data from
the sensor through the Internet and it provides standard evaluation tools to
locate and quantify the damage.

PASSIVE DECISION SUPPORT INTEGRATION SYSTEMS
For the purpose of identifying, localizing and assessing damages on structures or structural elements, various different and highly heterogeneous DSS
are subject to assist in this process, which includes multiple diverging process steps, each having different syntactical and semantical requirements and
communication interfaces to deal with. In order to enforce the integration
of multiple heterogeneous DSS, the main concern is the establishment of an
integrative system, which aims to implement an additional high-level layer
being abstract enough to offer the possibility of covering all conceivable kinds
of different DSS in terms of SHM.
Resulting from intensive research within the frame of the European Union
IRIS project2 , an integration system PDSIS (Passive Decision Support Integration System) has been developed which tends to cover all of the previously
mentioned requirements by heavily utilizing ontologies.
Since the participating partners of the IRIS project originate from a broad
range of industry sectors, the knowledge and expertise of each sector is constituted in a particular domain ontology. These domain ontologies are very
specific and strongly related to the individual industry segments. In order
to create an associational and semantical mapping between these, each domain ontology also provides a specific integration ontology which, in turn,
uses one central abstract ontology (which we call IRIS ontology) for referring
to relevant background information and therefore providing a rather holistic
integration approach based on semantic technologies.
The PDSIS architecture consists of a single central user-friendly frontend,
which interferes with a mediator component which mainly cares about reasoning the ontologies and extracting the computed individuals and their class
assertions [3]. Therefore, for each process step in question, the mediator component is able to suggest suitable systems for a specific task.
Aside from the already mentioned BRIMOS R system, numerous data mining frameworks are used for decision support and have been integrated within
PDSIS. Among others, these frameworks are:
2

Integrated European Industrial Risk Reduction System (IRIS), Funded under 7th
FWP (Seventh Framework Programme), Research area: NMP-2007-3.1-3. See http:
//www.vce.at/iris/

RapidMiner A data mining toolkit, well-suited for processing very large
data pools and performing various analytical tasks. Being open source, it
offers a programming interface and is primarily intended for data mining [6]
operations which makes it a considerable utility for decision support. At the
time of this writing, the mediator service fully implements the RapidMiner
Fast Fourier Transformation and Principal Component Analysis functionalities.
WEKA: Originating from the University of Waikato, WEKA (Waikato Environment for Knowledge Analysis) [5] aims to be a versatile framework for
machine learning and predictive modeling including but not limited to preprocessing, text-learning and clustering. Currently, the corresponding IRIS
mediator implements Wavelet transformation using the standard WEKA Java
API. Wavelet Transformation. The specific notification workflow can be interpreted as analogous to RapidMiner.
R (GNU S): As opposed to the two frameworks outlined above, R [7] is a
non-graphical programming language for statistical computations and became
a de facto standard for statistical software development. R implements the S
programming language and originates from the University of Auckland. Since
R is not developed in Java, it does not offer an integrated programming interfaces like RapidMiner and WEKA, although certain third-party expression
evaluator interfaces exist [12]. Currently, R has not yet been implemented as
mediator service within PDSIS, but approaches towards including R through
either web-services or socket communication are in progress. Furthermore,
R also supports graphical plotting which, at this time, is not intended to be
utilized by PDSIS.

CASE STUDY
In the following sections we will provide and analyze an example of applying
different operations from the already described Data Mining and Machine
Learning Frameworks to the measurement analysis process. It shall be pointed
out explicitly that the below operations, which were applied to the analysis
process, are just examples of how to integrate these operations with tools and
applications from the SHM domain. Definitely, the intention of this article it is
not to show which operations add the best value to measurement assessment,
but to prove that by applying Machine Learning techniques it can increase the
runtime performance of calculations, increase precision or understandability
of results or offer the possibility to gain completely new knowledge about a
measurement.
The S101 is a concrete bridge which was built in the 1960ies. Because
it required maintenance and was too small for the location, it was decided
to be replaced. This offered a great opportunity to perform a damage test
to demonstrate the impact of scientific insight and findings with regard to
reduced uncertainties. The results are meant to support the decision process
of infrastructure owners in the course of cost planning for maintenance and
possible rehabilitation measures in general.

Calculation of Eigenfrequencies with BRIMOS R
BRIMOS R is a sophisticated tool for measurement analysis, which was
developed and is operated by the Vienna Consulting Engineers3 . The following
Figure 1 shows the Eigenfrequencies, which were calculated from a particular
measurement (taken from the bridge “S101”).
The below measurement consisting of 48 channels (16 sensors measuring acceleration in 3 dimensions each) further on was Input for Rapidminer’s Principal Components Analysis (PCA), which was re-analyzed using BRIMOS R .

Figure 1: Eigenfrequencies from Original Measurement Data (165000 Measure Points, 48 Channels)
Figure 2 shows the results from measurements of full length, but with a
reduced number of dimensions (principal components).
Comparing Figure 2 with Figure 1, one can see that mainly the heterodyne
or redundant components of the signal were abstracted.
The signal still contains the main information. This visual assessment is
underlined by the results shown in table I.
For the calculation of Eigenfrequencies a reduction of measurement channels using PCA is a reasonable operation (see table I), but, there are some
performance indicators, which depend on sensor positions or acceleration directions (e.g. mode shapes). These Figures cannot be calculated (at least not
directly) from a measurement which was reduced by PCA.

Figure 2: Eigenfrequencies after Calculation of Principal Components
(165000 random Measure Points, 6 Channels)
3
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Eigenfrequency
EF1
EF2
EF3
EF4
EF5

TABLE I: QUANTITATIVE RESULTS
Original, full 14 Channels, 6 Channels,
length
full length
full length
4.032
4.032
4.021
6.294
6.294
6.294
9.701
9.701
9.716
13.294
13.294
13.893
15.766
15.766
15.793

21 Channels,
reduced length
4.059
6.287
9.705
13.275
15.747

Applying filters from R

Figure 3: Decomposing the eigenfrequencies time series into trend, seasonal
and random components
The above plot was obtained by filtering the time series of Eigenfrequencies
using the decompose (additive) function from R. Thus, we obtained a decomposition of the Eigenfrequencies into trend, seasonal and random or residual
components. In general, time series decompostion allows us to distinguish
differences in the data due to the actual trend, seasonal variation and error
components. It will also allow us to predict future values based on the trend
and seasonal effects.
Comparison
The above examples show how various data mining methods can be used at
different stages of the data analysis process in the frame of the SHM domain.
While using only BRIMOS R we can obtain only a transformation of the raw
data, by applying PCA after this transformation we can reduce significantly
the dataset. This way we keep the relevant information while enabling a faster
and easier further analysis using a smaller dataset. Also, by applying several
other filters from R (e.g. decomposition, linear filters) we can get a better
insight of how the data behaves in time and which components are seasonal.

CONCLUSION AND FURTHER WORK
This paper describes general procedures and concrete implementations of
Data Mining operations from RapidMiner and WEKA to be used by tech-

nicians via PDSIS. Therefore a mediator component uses the semantic descriptions of the integrated operators and the semantic requirements of the
different process step types (both topics in [3]) to provide lists of available
and executable functions. The current version of PDSIS, as a web application
for end user interactions, and IRISServices, as service pool and/or provider of
different web services. Several prospective improvements have to be covered:
• Integration of operators for assessment tasks and combination with
data preparation part
• First draft for complete workflow execution
• Validation of operators
• Comparison of different operator results
• Changes of operator parameters should be sent to mediator and used
for further execution
• Workflow planning tool, tob be included in PDSIS web application and
provide functionalities to create a user-defined execution plan.
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