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ABSTRACT
Improving product quality is always of industrial interest. Product availability, a  function 
of product maintainability and reliability, is an example of a measurement that can 
be  used to evaluate product quality. Product availability and cost are two units which are 
especially  important to manage in the context of the manufacturing industry, especially 
where  industry is interested in selling or buying offers with increased service content. 
Industry in  general uses different strategies for increasing equipment availability; these 
include: corrective (immediate or delayed) and preventive strategies. Preventive 
strategies may be further subdivided into scheduled and predictive (condition-based) 
maintenance strategies. In turn, predictive maintenance may also be subdivided into 
scheduled inspection and continuously monitored. The predictive approach can be 
achieved by early fault detection. Fault detection and diagnosis methods can be classified 
into three categories: data-driven,   analytically based, and knowledge-based methods. In 
this thesis, the focus is mainly on fault  detection and on data-driven models.   
 
Furthermore, industry is generating an ever-increasing amount of data, which may 
eventually  become impractical to store and search, and when the data rate is increasing, 
eventually impossible to store. The ever-increasing amount of data has prompted both 
industry and researchers to find systems and tools which can control the data on the fly, 
as close to real-time as possible, without the need to store the data itself. Approaches and 
tools such as Data Stream Mining (DSM) and Data Stream Management Systems 
(DSMS) become important. For the work reported in this thesis, DSMS and DSM 
have  been used to control, manage and search data streams, with the purpose of 
supporting increased availability of industrial  products.   
  
Bosch Rexroth Mellansel AB (formerly Hägglunds Drives AB) has been the industrial 
partner  company during the course of the work reported in this thesis. Related data 
collection concerning the  functionality of the BRMAB hydraulic system has been 
performed in collaboration with other researchers in Computer Aided Design at Luleå 
University of  Technology.   
 
The research reported in this thesis started with a review of data stream mining 
algorithms and their applications in monitoring. Based on the review, a data stream 
classification method, i.e. Grid-based  classifier, was proposed, tested and validated 
(Paper A). Also, a fault detection system based  on DSM and DSMS was proposed and 
tested, as reported in Paper A. Thereafter, a data  stream predictor was integrated into the 
proposed fault detection system to detect failures  earlier, thus demonstrating how data 
stream prediction can be used to gain more time for  proactive response actions by 
industry (Paper B). Further development included an automatic update method  which 
allows the proposed fault detection system to be able to overcome the problem of  concept 
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drift (Paper E). The proposed and modified fault detection systems were tested  and 
verified using data collected in collaboration with Bosch Rexroth Mellansel AB 
(BRMAB).  The requirements for the proposed fault detection system and how it can be 
used in product  development and design of the support system were also discussed 
(Paper C). In addition, the  performance of a knowledge-based method and a data- driven 
method for detecting failures in  high-volume data streams from industrial  equipment have 
been compared (Paper D). It was found that both methods were able to detect all faults 
without any false alert.  Finally, the possible  implications of using cloud services  for 
supporting industrial availability are discussed in Paper F.  Further discussions regarding 
the research process and the relations between the appended papers can be found in 
Chapter 2, Figure 4 and in Chapter 5, Figure 21. 
 
The results showed that the proposed and modified fault detection systems achieved 
good  performance in detecting and predicting failures on time (see Paper A and Paper B). 
In Paper C, it is shown how data stream management systems may be used to increase 
product availability awareness. Also,  both the data-driven method and the knowledge-
based method were suitable for searching  data streams (see Paper D). Paper E 
shows  how the challenge of concept drift, i.e. the situation in which the statistical 
properties of a data stream change over time, was turned to an advantage, since the 
authors were able to develop a method to automatically  update the safe operation limits 
of the one-class data-driven models.  
 
In general, detecting faults and failures on time prevents unplanned stops and 
may  improve both maintainability and reliability of industrial systems and, thus, their 
availability (since availability is a function of maintainability and reliability). By the 
results, this thesis demonstrates how DSM and  DSMS technologies can be used to 
increase product availability and thereby increase product  quality in terms of availability.  
 
 
 
Keywords: Data stream mining; Data stream management system; Availability; 
Product development 
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NOTES
In this thesis and in the appended papers, industrial system refers to a collection of 
related hardware components, which together provide certain functionality. The 
industrial example used in the appended papers is the BRMAB hydraulic drive system 
consisting of various components (or parts) such as control unit, electric motor, pump, 
piping and the hydraulic motor. All components in the system allow the hydraulic drive 
system to provide the function of turning a shaft with a certain speed and torque.  
 
A product * is something sold by an enterprise to its customers. Therefore, a product can 
be seen as an industrial system, a component or part, or an entity (i.e. something that 
exists by itself). When the functionality of an industrial system is sold at an agreed upon 
availability, that is in this thesis considered an example of a functional product. 
 

 

                                                 
* K. T. Ulrich and S. D. Eppinger, Product Design and Development, 4th ed., 2008.  
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CHAPTER 1

PRODUCT AVAILABILITY AND DATA
STREAM MINING
This chapter introduces the context of the research, the aim and scope, the industrial 
motivation and the research question.  
 

ompetition among today’s industrial companies requires them to manufacture 
products of high quality; not only that, the products must be manufactured more 
quickly and at lower cost. For some industrial offers, such as functional products 

(FP) [1-3], the provider must, according to Löfstrand et al. [4], focus particularly on 
keeping track of the offer availability and cost. Achieving high product quality may 
require manufacturers to meet (sometimes contradictory) requirements regarding 
technical function, safety, use, ergonomics, recycling, disposal, and production and 
operating costs [5]. In fact, the quality of the product is, according to Ulrich and Eppinger  
[6], one of the characteristics which is used to assess the performance of the product 
development effort. One of the most important issues in achieving a high-quality product 
is to consider product availability, which, according to Andrews and Moss  [7], is a 
function of maintainability and reliability.  
 
With regards to product maintainability, in general, there exist approaches such as design 
for maintainability [8, 9], which is intended to be used to support development of 
products with high maintainability. However, understanding and improving the operation 
phase of a product is also crucial for achieving high product availability. Improving 
equipment operation, as well as learning more about the cause-and-effect relations among 
monitored parameters, may be addressed through Data Stream Mining (DSM) [10] and 
Data Stream Management Systems (DSMS) [11, 12]. In general, support systems and the 
associated maintenance tasks are intended to minimize failures of industrial plant, 
machinery and equipment, and the consequences of such failures [13, 14]. In this thesis, 
the approach is to use signals from a DSMS, based on monitored industrial equipment, to 
trigger the correct proactive or reactive response in the support system [15].  
 
With regards to product reliability, the product development process [6] and approaches 
such as design for reliability [16] are important for improving the end result in terms of 
product reliability. Another way to address product reliability, which is the approach 
taken in this thesis, is to use monitoring of industrial equipment in order to decrease 

C
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unplanned stops by increasing Mean Time To Failure (MTTF) [7] (i.e. improving 
reliability) and by supporting the timely scheduling of planned stops (i.e. improving 
maintainability). Furthermore, in order to be effective in monitoring industrial equipment, 
efficient fault diagnostics procedures are of importance. Figure 1 shows a classification 
of fault detection and diagnosis methods according to Zhang and Jiang [17], and Chiang 
et al. [18].  

 
Figure 1. Fault detection and diagnosis methods classification based on Zhang and Jiang [17] and 

Chiang et al. [18]  
 
According to Chiang et al.  [18] , fault detection and diagnosis methods can be classified in 
three categories: analytical methods, knowledge-based methods and data-driven methods. 
In this thesis the case of data-driven methods is mainly investigated. In addition, a data-
driven method was compared to a knowledge-based method in Paper D. 
 
Data-driven methods utilize product lifecycle data to build the fault detection model. 
Therefore, the Knowledge Discovery in Databases (KDD) process [19] can be helpful in 
building fault detection-based data-driven models. Figure 2 (adopted from Fayyad et al. 
[19]) shows the KDD process in the discovery of knowledge from databases. The KDD 
process involves data pre-processing such as outlier removing and normalization, data 
mining where the data analysis and extraction of patterns from the data are performed 
and, finally, the knowledge interpretation phase, which transforms the output of the data 
mining phase into useful knowledge. 
 

 
Figure 2. Flow chart showing the Knowledge Discovery in Databases (KDD) process 
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Recent advances in technology have enabled the collection of data from different sources 
at high generating rates, thereby leading to data streams [20]. As illustrated in  the 
popular magazine The Economist [21], the growth of the generated data is faster than the 
growth of the available storage capacity. The potential lack of hard-drive space implies 
that the available storage cannot accommodate all the generated data. Therefore, data 
streams should, as often as possible, be searched as soon as they arrive, thus reducing the 
need for data storage. 
  
Nowadays, while data  can be collected at high rates, it is in several applications 
more  practical to monitor equipment by searching the related data streams (in as close to 
real time as possible) using Continuous Queries   (CQ) [11] executed by a DSMS such as 
the SuperComputer Stream Query processor (SCSQ) [22]. The CQs can be formulated 
using a DSMS query language such as the SCSQ query language   (SCSQL) [23]. An 
important benefit of such an approach is  scalability, meaning that the Data Stream 
Mining (DSM) and Data Stream Management  System (DSMS) approaches are well 
suited  for not only monitoring a single machine but also  for monitoring, for example, a 
large fleet of machines distributed over a large geographical  area [24]. In the context of 
fleet management (as well as others), meta-data [25], i.e. data about data, in  addition to 
the measured raw data from sensors, becomes important. An additional benefit of  using 
CQs is that it is possible to make various comparisons of industrial interest. Such 
comparisons include, for example, comparing how various classes of machines 
are  working at different sites and under different conditions, thus increasing 
industrial  knowledge of products and product operation.  
 
Bosch Rexroth Mellansel AB (BRMAB) [26] has been the industrial partner  company 
during the course of the work reported in this thesis. BRMAB is interested in improving 
the availability of their drive systems through monitoring. According to O'Connor [27] 
maintenance strategies can be divided in two main groups, corrective and preventive 
maintenance.  Figure 3 presents various types of maintenance according to O'Connor 
[27].  
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Figure 3. Various types of maintenance according to O'Connor [27] 
 
This thesis addresses the issue of increasing system availability by monitoring  through 
Data Stream Management Systems (DSMS), an approach that is mainly related to 
predictive (condition-based) and continuously monitored preventive maintenance (see 
Figure 3) [27]. 
 
As previously stated, the developed methods which are reported in this thesis were 
developed and tested using data from BRMAB drive systems. Through monitoring, 
failures can be detected and/or avoided. Detecting failures  eliminates extra costs such as 
costs associated with machinery damage and dissatisfied  customers, and time is saved, 
since stops can be scheduled, instead of occurring unplanned. Monitoring industrial 
equipment (using sensors) and using a DSMS approach is also beneficial  for recognizing 
trends in data. This approach allows industry to use a proactive (Figure 3, Predictive, 
Condition based and Continuously Monitored) strategy instead of a  reactive (corrective in 
Figure 3) strategy [27]. Monitoring using a DSMS approach may also increase industrial 
knowledge  concerning operational parameters as well as knowledge concerning the state 
of the monitored  machine through developed and detected cause-and-effect relations 
among the monitored  parameters.   
 
In this thesis the Supercomputer Stream Query processor (SCSQ) was used as a DSMS 
to  apply the CQs over the data streams. The SCSQ has achieved  the best score [28] thus 
far for the Linear Road Benchmark [29].   The CQs were implemented using SCSQ query 
language   (SCSQL). (The SCSQL query language [23] extends the Amos Query 
Language (AmosQL) [30, 31] with streaming and parallelization primitives.) Matlab 
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software was used to implement various algorithms, for offline training, and  to produce 
some of the figures.  
 
As pointed out above, availability is a function of maintainability and reliability [7]. 
Monitoring industrial products may detect and/or prevent failures or unplanned stops, 
thus increasing availability, and potentially also decreasing the cost of operation, by 
reducing the need for maintenance. Also, analyzing the product operation data stream can 
be a means of monitoring industrial products. Therefore, this thesis is intended to 
investigate and exemplify the possibility of increasing the availability of industrial 
products through building and testing fault-detection-based data-driven models (see 
Paper A, Paper B, Paper D and Paper E) and knowledge-based models (see Paper D).  
 
1.1 Aim and Scope 
Industrial companies seek to increase product availability to produce products of high 
quality. As analyzing the product lifecycle data is an important key to increasing the 
product availability, the aim of this thesis is to investigate and demonstrate how to utilize 
and search product operation data to increase maintainability and reliability of the 
product and, thus, its availability. This thesis is focused on the application of DSM and 
DSMS in monitoring industrial equipment in order to increase availability and thereby 
deliver products of high quality. The aim is achieved through studying data stream issues, 
data stream challenges, and building fault detection-based data-driven models using DSM 
algorithms with the help of DSMS. Note that, in this thesis, DSM refers to data stream 
mining algorithms and data mining algorithms  applied on data streams  [12].  
 
With regards to the scope of the thesis, the scope includes developing and using data 
stream classification algorithms, (implemented in both Matlab and the query language 
SCSQL), to monitor industrial systems with the intent of keeping their availability high. 
Additional improvement of the developed DSM algorithms is not within the scope of this 
thesis. 
 
While cost is important in relation to product and system availability [13], cost is not 
within the scope of this thesis, even though DSM has the potential of triggering the 
correct and, therefore often the least costly, maintenance activities in the support system.   
  
1.2 Motivation 
This section presents the industrial and the academic motivation for this doctoral thesis. 
 
1.2.1 Industrial Motivation  
The industrial motivation for undertaking in the work presented in this thesis is to learn 
more about how to use signals from a DSMS, based on monitored industrial equipment, 
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to trigger the correct proactive or reactive response in the support system and thus 
increase product availability. Also of interest for industry is to learn more about how to 
use DSM and DSMS to, for example, compare how a class of machines (i.e. hydraulic 
drive system) is  working at different sites and under different conditions, thus increasing 
manufacturers’  knowledge  of the performance of their own products. 
 
1.2.2 Academic motivation  
As mentioned above, advances in technology have enabled data of high volume, in the 
form of data streams, to be collected at high speed. The application of data stream 
technologies poses various challenges and issues which need to be addressed, as reported 
by Gaber et al. [20]. Such challenges include the evolution of data streams over time and 
the impracticality of storing all such data. Given these academic challenges, data streams 
need to be searched as soon as, and as fast as the data arrives, which motivates the use of 
DSM and DSMS in this thesis. In addition, Gaber et al. [20] reported the need to further 
address the integration between DSMS and DSM. Furthermore, concept drift, which is 
considered one of the challenges facing data stream research, must according to Lee and 
Magoulès  [32] be addressed. 
 
1.3 Research Question 
Based on the industrial requirements and using the product operation data, the research 
question of this thesis can be formulated as follows: 
 
How should the availability of industrial systems be improved using data stream mining 
and data stream management systems? 
 
The research approach followed in this doctoral thesis is presented in chapter 2. The 
knowledge domains of this thesis are discussed in Chapter 3 and the results are presented 
in Chapter 4. Thereafter, the appended papers are discussed in Chapter 5. Finally, 
discussions and conclusions are presented in Chapter 6. 
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CHAPTER 2

RESEARCH APPROACH
This chapter presents the research approach, discusses the data which were used in the 
experiments and explains the experiments carried out. 
 

he research process of this thesis, including the connection between the appended 
papers (i.e. Paper A to Paper F), is presented in section 2.1. Thereafter, the data 
collected from Bosch Rexroth Mellansel   AB  hydraulic systems are presented in 

section 2.2. The data were collected from two different BRMAB hydraulic systems i.e. 
from a tank test see section 2.2.1 and from a shredder application, see section 2.2.2.  
  
2.1 Research Process 
The research began with the collection and analysis of information concerning data 
stream mining, data stream management systems and product availability. Figure 4 
illustrate the research process and the connections between the appended papers. 
 

 
 

Figure 4. Research process 

T
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Further descriptions of the relationships between the appended papers are presented in 
Chapter 5, Figure 21. 
 
Qualitative data collection was done in collaboration with other researchers and BRMAB 
engineers. The data collection involved semi-structured and open-ended interviews [33] 
and data analysis involved using matrices [34]. BRMAB staff developed the baseline 
knowledge for the queries used in this thesis, through an iterative process, together with 
researchers. The iterative process allowed for collaborative analysis throughout the 
process. Furthermore, to improve analysis, Matlab was used to test queries before 
implementing in SCSQL. Quantitative data are discussed in section 2.2. 
 
According to Carmines and Zeller [35], research reliability is “the extent to which an 
experiment, test, or any measuring procedure yields the same results on repeated trials”. 
Given the same research process, infrastructure, data and queries, another 
researcher  should be able to reproduce the results reported in this thesis. Reliability has 
been addressed by analyzing data and queries in Matlab prior to implementation in a 
query language. Doing so improved the quality of the developed queries in terms of their 
reliability. This is exemplified in Paper D through the use of cross-validation [36]. Cross-
validation involves partitioning the data sample into various training data sets (to train the 
applied algorithm) and testing data sets (to test the trained algorithm).  
 
Research validity is concerned with the study's success at measuring what the researchers 
set out to measure. According to Carmines and Zeller [35], validity can be defined as “the 
extent to which any measuring instrument measures what it is intended to measure”. With 
respect to research validity and the research process, research validity has been enhanced 
by the systematic use of feedback loops, and by going round the research cycle several 
times. (While the research process of Figure 4 may seem linear, it has in fact, included 
many iterations, especially during development of Paper A, Paper B, Paper D and Paper 
E.) Furthermore, in each stage of the research process, the researcher has given as well as 
received constructive criticism from the co-authors and from the industrial partners. 
Constructive criticism has helped to prevent possible researcher biases and has facilitated 
reviewing various challenges using several views. Finally, using several different sources 
(i.e. books, research partner information and industrial partner information) for 
triangulation [34] has also been used to validate the research results.  
 
To check if the sensors from which the data originated worked as intended, the collected 
data (such as data representing temperature and pressure), were compared to the values 
stated in the manual of the monitored system, provided by BRMAB. In addition, the data 
pre-processing phase of the KDD process, illustrated in Figure 2, was used to remove 
outliers and was also used for data normalization.  
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To investigate how product operation data can be used to increase the availability of 
industrial systems a literature review of data stream mining, and how to use data stream 
mining for monitoring, was required. Therefore, in Paper A, a literature review of the 
data stream field was conducted (block number 1 in Figure 4). The literature review was 
conducted utilizing several databases, focusing mainly on  IEEE along with technical 
reports and literature published on the World Wide Web . The search included the 
following keywords: data stream mining, data stream management system, reliability, 
maintainability, availability, condition monitoring and machine health monitoring. The 
outcomes of the literature review were as follows: 

 A review of data stream mining algorithms 
 A review of data stream mining applications in the field of operation and 

maintenance 
 
By studying and investigating the data stream classification algorithms and the proposed 
fault detection systems in the reviewed papers the following were proposed: 

 A new data stream classification algorithm (Grid-based classifier) (block number 
3 in Figure 4) 

 A new fault detection system based on DSM and DSMS technologies (block 
number 4 in Figure 4) 

  
For comparison, selected algorithms from previous work were tested using the data from 
Bosch Rexroth Mellansel   AB (BRMAB ) [26]   and the results were compared with the 
results of the proposed algorithm. The data were collected from a tank test which was set 
up by BRMAB at their laboratory (further details about tank test data are presented in 
section 2.2.1). The experimental set-up and results are presented in Paper A. 
 
As some machine failures occur abruptly, avoiding such failures may require prediction. 
One solution to this problem is to use a data stream predictor. A data stream predictor can 
be used to forecast the near future. A failure can then be predicted by searching the 
predicted data. Paper B reviews the data stream prediction algorithms, tests different data 
stream prediction algorithms and improves the fault detection system presented in Paper 
A, by integrating a data stream predictor (blocks number 6, 8 and 10 in Figure 4).  
 
The proposed fault detection systems as reported in Paper A and Paper B showed that 
there was a need to use an update procedure for the applied fault-detection-based data-
driven model to cope with the problem of concept drift. Concept drift occurs when the 
statistical properties of a data stream change over time [37]. Thus, the static data-driven 
model accuracy will be impaired as time passes. The problem of concept drift can be 
resolved by retraining the model or by adjusting the model incrementally [38].  Therefore, 
in Paper E a method to update a one-class data-driven model (so that the model can 
overcome the problem of concept drift by automatically updating itself according to the 
defined rules) was proposed. The proposed method was applied and tested on a polygon-
based classifier (blocks number 7, 9, and 11 in Figure 4). 
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In Paper D the performance of a data-driven method and a knowledge-based method in 
detecting faults from large-volume data stream is compared. Both methods were tested, 
verified and validated using BRMAB data. The data from the shredder application were 
used in Paper D (further details about the shredder application data are presented in 
section 2.2.2). Based on test results and literature, advantages and disadvantages of both 
methods were identified (blocks number 15 to 18 in Figure 4). 
   
The requirements for building the proposed fault detection system presented in Paper A, 
and how DSMS and DSM may be used to increase product availability  awareness during 
use were presented and discussed in Paper C (blocks number 12 and 13 in Figure 4).  
Finally, the potential use of cloud services in the context of Functional Products (FP) [4, 
39] and its possible  implications on availability are discussed in Paper F (blocks number 
19 and 20 in Figure 4). 
 
All proposed systems and applied algorithms were tested and verified using the data 
collected from Bosch Rexroth Mellansel  AB   hydraulic motors. The data are further 
discussed in the next section. 
 
2.2 Bosch Rexroth Mellansel   AB Data Sets 
Bosch Rexroth Mellansel   AB (BRMAB ) [26] is a Swedish company which manufactures 
low-speed, high-torque hydraulic drive systems. Their drive systems are used in many 
industries such as: mining, recycling, pulp and paper, rubber and plastics, offshore, 
fishing, building and construction. BRMAB  is interested in improving monitoring to 
increase availability of their drive systems. Therefore, the Scalable Search of Product 
Lifecycle Information (SSPI) [40] project was established to develop software systems 
for efficient and scalable search of product data and meta-knowledge produced during the 
entire product lifecycle. One of the industrial motivations of the SSPI project was to 
increase product availability. The project partners include Computer Aided Design [41] at 
the Division of Product and Production Development, Luleå University of Technology 
(LTU) [42], Uppsala DataBase Laboratory (UDBL) [43] at Uppsala University, Bosch 
Rexroth Mellansel AB [26]   and AB Sandvik Coromant [44]. 
 
BRMAB has supplied two different data sets, one from the tank test and one from a 
shredder application. These are further discussed in section 2.2.1 and in section 2.2.2. As 
the collected data constitute an important issue for this thesis and the data format is 
important to facilitate data access and readability, defining the proper  requirements 
regarding the data became important. Time stamp,  data format and data frequency are 
examples of such requirements. Time stamp is significant, as it allows acquisition of the 
values of the monitored parameters at a certain time, which is especially important when 
the data are collected from different units (i.e. control units called Spider II, part of the 
BRMAB hydraulic drive system). For example, the data format from the tank test was csv 
files and the data format for the shredder application was log event files (see below for 
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more information regarding the various data-related issues.) Additionally, the availability 
of metadata adds both possibilities and challenges in terms of the implementation of CQs 
in DSMS systems. 
 
2.2.1 The Tank Test  
BRMAB  set up a tank test which, on its most basic level, was quite similar to many 
customer systems, albeit much smaller, in their laboratory, as shown in Figure 5. The 
main goal of the tank test for BRMAB was to study the effect of reducing the oil level in 
the tank, compared to the larger volume normally used. The tank test was appropriate as 
an experimental set up for this work because different sensors such as temperature, 
pressure and motor speed were installed, and the system is similar to BRMAB customer 
systems. Therefore, the data which were collected from the tank test were used in this 
research. Further information about the BRMAB tank test can be found in Backe [45]. 
 

 
Figure 5. The tank test at BRMAB 's laboratory 

 
The BRMAB  tank test set up used in Paper A, Paper B, and Paper E is supported by 
work presented by Löfstrand et al. [46]. 
 
2.2.1.1 The tank test data set 
Data were collected from August 2009 through October 2009 at three different motor 
speeds from motors in the Bosch Rexroth Mellansel   AB laboratory. Data were collected, 
at a rate of 1 sample/minute, in the form of raw data in comma-separated files (csv files). 
Therefore, the data were easy to access and read by the DSMS. The collected data did not 
have any failure sample. The data set contains 11,153 data points which correspond to 22 
variables; i.e. 11,153×22. The tank test data arrived in vector form, where the first vector 
element corresponded to the data time stamp and the other 22 vector elements 
corresponded to the 22 variables. Since the tank test data was presented in csv format, no 
meta-data were included in that particular data set. 
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2.2.1.2 Papers for which the tank test data set was used   
The tank test data set was used in Paper A, Paper B and Paper E. In Paper A the data 
were divided into two groups, the first of which was used to train the algorithms, i.e., 
training data, and represented approximatly10% of the data (1118 data points). The 
second was used for the testing purposes, i.e., testing data, and represented around 90% 
of the data (10,035 data points). In addition, some artificial abnormal data were created to 
test the classification accuracy of the algorithms. The abnormal data simulate two failures 
which are represented by 68 data points (68×22) for the three different speeds. In Paper E 
the tank test data set was used without dividing it into training and testing groups. 
 
The data used to test the different data stream predictors in Paper B were collected when 
the hydraulic motor was running for 14 hours continuously at a constant motor speed. 
The first principal component was calculated from the selected data and then used for the 
test. In addition, the Matlab function interp1 was used to get data every second by using 
the data sampled at a rate of 1 sample/minute. 
 
2.2.2 The Shredder Application 
In addition to the data set from the tank test system discussed above, data were collected 
from a full-scale BRMAB hydraulic drive system, a shredder application used to crush 
waste wood, see Figure 6 below.  
 

 
Figure 6. Shredder application 
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Data were collected from the shredder application to develop and test fault detection 
models being used to monitor in air–oil cooler functionality in the hydraulic drive system. 
Therefore, several variables which are associated with the cooler system functionality 
were considered. As an example, the cooler fan in the system is activated for different 
periods of time, depending on ambient temperature and system load. 
 
2.2.2.1 The shredder system data set 
The data were collected once every 0.1 seconds for two days (06.00-14.00 day one and 
06.00-18.00 day two) . The data set includes both normal and abnormal data from the 
monitored system. The data points representing faults were created by BRMAB 
engineers, in collaboration with the authors of Paper D, through manipulating the 
shredder drive system by, for example, covering the motor cooler. The data were 
collected in the form of log event files. Every file contains meta-data which provide 
different information about the arrived data, such as the name of the collecting unit, the 
name of the measured parameters (indicated using predefined symbols), the sampling rate 
of every parameter, file sequence number and some indicators about the condition of the 
monitored system (e.g. indicator showing if the cooler was switched on or not when the 
data were collected). The meta-data aid retrieval of the values of every parameter at any 
time-stamp and also provide information about the condition of the monitored system. 
Note that additional work was needed to convert the log event files into a data format 
which can be used to implement the CQs. 
  
2.2.1.2 Papers for which the shredder application data set was used 
The shredder application data were used in Paper D, where a comparison between a data-
driven and a knowledge-based method was presented. In order to build the data-driven 
model, training data was required. Therefore, a sample of data was used to train and test 
the data-driven method. The normal data samples were arbitrarily selected; one sample 
from day one and one sample from day two. The sample from the two days contained 
4,146 data points which correspond to normal behavior and 13,986 data points which 
correspond to abnormal data. The data-driven method was trained using different training 
data set sizes (20% and 50% of the total normal data). Furthermore, the data-driven 
model was tested using the remaining normal data points, i.e. 80% and 50% of 4,146, and 
all abnormal data set (13,986 data points). In the case of the knowledge-based method, all 
data points (normal and abnormal) were used for testing, as the knowledge-based method 
does not require training.  
 
The knowledge domains of this thesis are discussed in Chapter 3 and the results are 
presented in Chapter 4. Thereafter, the appended papers are discussed in Chapter 5. 
Finally, discussions and conclusions are presented in Chapter 6. 
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CHAPTER 3

KNOWLEDGE DOMAINS
In this chapter the knowledge domains which are related to the research are discussed. 
 

he aim of this thesis is to investigate how best to utilize and search product 
operation data to increase product availability. High availability of a product 
leads to reduced costs associated with unplanned stops, machinery damage and 

production stop time, thereby resulting in higher product quality. High product quality is 
an important characteristic in assessing the successfulness of product development. 
Therefore, the knowledge domains according to their contribution to this thesis are: data 
stream issues, availability and product development.  
 
This chapter first gives a brief background of product development. Then, the reliability, 
maintainability and availability terminologies, and the relation between them are 
described. Finally, the main issues of data stream, i.e. data stream mining, data stream 
management system and data stream prediction, are described. 
 
3.1 Product Development 
According to Ulrich and Eppinger [6], product development can be defined as “the set of 
activities beginning with perception of a market opportunity and ending in the 
production, sale, and delivery of a product”. Product development involves more than the 
creation of a new product. It may involve a modification or addition of new features to a 
product. The success of product development can be identified by the profits which a 
company earns after the sale of the produced product. However, profitability cannot be 
assessed quickly. Therefore, there are other characteristics which are normally used to 
assess the performance of the product development effort; these are according to Ulrich 
and [6]: product quality, product cost, development time, development cost and 
development capability. 
 
The steps which a company follows to conceive, design and commercialize a product are 
called the product development process [6]. Figure 7 shows the phases of the generic 
development process according to Ulrich and Eppinger [6].  
 

T



 30  
 

 
Figure 7. Product development process, adapted from Ulrich and Eppinger [6] 

 
The operational phase presented in Figure 7 was added by the author (A. Alzghoul) in 
order to relate the operational phase of the product to the product development process. 
Availability of industrial products can be improved mainly in the design phase, testing 
and refinement phase, or in the operational phase when the product is in use [13, 47]. 
This thesis is intended to investigate the possibility of increasing the availability of 
industrial products mainly in the testing and refinement phase, as well as in the 
operational phase. Furthermore, the results of this thesis are, in general, applicable in the 
operational phase. The availability of the industrial products can be increased in the 
testing and refinement phase through monitoring and failure detection. Detecting failures 
also eliminates extra costs such as those associated with machinery damage, unplanned 
stops and dissatisfied customers. 
     
3.2 Reliability, Maintainability and Availability 
In this section the three terms reliability, availability and maintainability are briefly 
discussed. Definitions of these terms and the relations between them are provided.  
 
3.2.1 Reliability 
After the First World War, the aircraft industry gave reliability more attention. The 
aircraft industry tried to increase the reliability of their products based on intuition and 
engineering insight gained from observing failures and experimentation, but without the 
application of any  formalized reliability theory . As a result of collecting information on 
system failures, reliability was expressed by using the concept of failure rate.  
Quantitative reliability theory was formalized during the Second World War, due to the 
production of more complex products such as missiles [7]. According to Andrews and 
Moss [7], quantitative reliability can be defined as: 
 
“The probability that an item (component, equipment, or system) will operate without 
failure for a stated period of time under specified conditions”. 
 
Thus, reliability is a measure of the probability of a system to perform its function 
successfully over a period of time. Reliability concerns the running time of a system in 
operation before it fails. Therefore, reliability does not concern the maintenance phase of 
the product lifecycle. 
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In many cases, the reliability characteristics of components follow the ‘reliability bath-
tub’ curve [7], as shown in Figure 8. 
 

 
Figure 8. Reliability bath-tub curve adapted from Andrews and Moss [7] 

 
In the burn-in phase the weak components   (e.g., those with manufacturing defects)  are 
eliminated, which reduces the failure rate. The failure rate will remain near to constant 
during the useful-life phase. Finally, as the component starts to wear out, the failure rate 
will start to increase [7]. 
 
The reliability of a component can be expressed as a function of time, when the failure 
rate is constant, as follows [7]: 
R(t) = e t (1)
where  
R(t): the probability of a component operating successfully up to and including time   t.  
: failure rate (constant). 

 
3.2.2 Maintainability 
Once a failure occurs in a repairable system the characteristics of both the repair process 
and the failure must be identified. The time needed to maintain a system is determined by 
several factors such as the work environment and the training given to maintenance staff 
[7]. According to Andrews and Moss [7], maintainability can be defined as: 
  
“The probability that the system will be restored to a fully operational condition within a 
specified period of time”. 
 
Having a system with maintainability M(t), which has the probability density function 
m(t), the average time which is required to repair a system, i.e. mean time to repair 
(MTTR), can be defined as [7]: 

MTTR =
0

dt m(t)t   (2) 
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Maintainability analysis is important due to its role in providing useful information 
during the repair process such as maintenance planning, test and inspection scheduling, 
and logistical support [7]. 
   
3.2.3 Availability 
Considering the probability of a system to run successfully for a period of time without a 
failure, i.e. reliability, and the probability that a system will be restored within a specific 
period of time, i.e. maintainability, an important system performance measure is to 
calculate the probability of a system to be available at a given time, i.e. availability.   
 
According to Andrews and Moss [7], availability can be defined as: 
 
“The fraction of the total time that a device or system is able to perform its required 
function”. 
 
The mean time to failure (MTTF) and the mean time to repair (MTTR), discussed in the 
previous section, are needed to calculate the availability of a system. MTTF is the 
reciprocal of the (constant) failure rate [7]: 
 

MTTF = 
1

 
(3) 

 
Then, the availability (A) can be expressed as follows [7]: 
 

A =  
MTTRMTTF

MTTF
 

(4) 

 
According to equation (4), availability is a function of maintainability and reliability. The 
relation between these three system performance measures is discussed in the next 
section. 
 
3.2.4 The relationship between Reliability, Maintainability and Availability 
In the previous sections reliability, maintainability and availability were discussed. The 
relationship between these three terms is discussed in this section. 
 
As shown above, the availability of a system is based on both reliability and 
maintainability. Table 1 shows the effect of increasing or decreasing reliability or 
maintainability on availability.  
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Table 1. The relationship between reliability, maintainability and availability, adapted from 
Reliability Hotwire E-magazine  [48] 

Reliability Maintainability Availability 
Constant  Decreases  Decreases  
Constant  Increases  Increases  
Decreases  Constant  Decreases  
Increases  Constant  Increases  
Increases  Increases  Increases  
Decreases  Decreases  Decreases  

 
Table 1 shows that availability is proportional to reliability and maintainability. If 
reliability is held constant, then the variation in availability will depend on the variation 
in the maintainability of a system. If maintainability is reduced, then the availability of a 
system will be reduced even if the reliability of that system is high. In contrast, if 
maintainability is increased, the system availability is increased even if the reliability of 
that system is low [48].  In the context of supporting product availability the next section 
concerns data stream issues including mining, management and prediction. 
 
3.3 Data Stream Mining, Management and Prediction  
In this section the three main issues of data stream, i.e. data stream mining, data stream 
management system and data stream prediction, are presented.  
 
3.3.1 Data Stream Mining 
Data stream mining may be defined as extracting patterns from continuous and fast-
arriving data [20, 49] In this case, the data cannot be stored and must be manipulated 
upon arrival, i.e. only one-pass is allowed. Therefore, the data mining algorithm has to be 
fast enough to handle the high rate of arriving data. 
 
Data stream mining algorithms can be applied either on the whole or on a part (window) 
of the data stream. Thus, the algorithms differ according to the type of window. 
According to Fogelman [50], there are three types of windows: 1) Whole stream: the 
algorithm has to be incremental, e.g. artificial neural network and incremental decision 
tree. 2) Sliding window: the algorithm has to be incremental and must have the ability to 
forget the past, e.g. incremental principal component analysis. 3) Any past portion of the 
stream: the algorithm has to be incremental and able to keep a summary of the past in a 
limited memory, e.g. Clustream algorithm. 
 
There are many data stream mining algorithms. These algorithms can be divided into four 
categories: Clustering, Classification, Frequency counting and Time series analysis. A 
comprehensive review of the data stream mining algorithms can be found in Paper A.  
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Sections 3.3.1.1, 3.3.1.2, and 3.3.1.3 present the theory of the algorithms which have 
been used in this thesis. 
 
3.3.1.1 Principal Component Analysis algorithm 
Principal Component Analysis (PCA) is an unsupervised linear dimensionality reduction 
algorithm. PCA projects the data onto the orthogonal directions of maximal variance. The 
projection accounting for most of the data variance is called the first principal component 
[51, 52]. PCA was used in this thesis (Paper A, Paper B and Paper E) to map the data 
from high-dimension (for example 22) to 2-dimension. For example, in the proposed 
algorithm presented in Paper A, i.e. grid-based classifier, the algorithm used PCA to map 
the data into 2-dimension, as illustrated in Figure 13 (PCA box) below. In addition, PCA 
was used as a one-class data-driven model (i.e. as a one-class classifier) in Paper D. The 
PCA algorithm is explained below. 
 
Let X be the data matrix of size nN , where N is the number of data points and n stands 
for data dimensionality. Then, by applying PCA, one can obtain an optimal linear 
mapping, in the least square sense, of the n-dimensional data on q · n dimensions. The 
mapping result is the data matrix Z [51]: 
 

qXVZ  (5) 
 
where qV  is the qn  matrix of the first q  eigenvectors of the correlation matrix 
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 corresponding to the q  largest eigenvalues qii ,...,1, . Then, the 

correlation matrix of the transformed data [51]: 
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(6) 

The diagonal elements i can be used to calculate the minimum mean-square error 
(MMSE) owing to mapping the data into the q -dimensional space [51]: 
 

n

qi
iMMSE

1
 

 
 
(7) 

 
The two data stream mining algorithms which were used in Paper A and Paper B of this 
doctoral  thesis are introduced in the following sections. Section 3.3.1.2 introduces the 
One-class support machine algorithm and section 3.3.1.3 introduces the polygon-based 
method. 
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 3.3.1.2 The One-class support vector machine algorithm 
The One-class support vector machine (OCSVM) algorithm builds a model using 
nominal training data to find the outliers, as discussed by Matthews and Srivastava [53]. 
It is a modified version of support vector machine (SVM) classification technique that 
can use only positive information for training. Support vector machine relies on 
representing the data in a new high-dimension space more than in the original. By 
mapping the data into the new space SVM aims at finding a hyperplane, which classifies 
the data into two categories. The support vectors are the closest to the hyperplane patterns 
from the two classes in the transformed training data set. The support vectors are 
responsible for defining the hyperplane. Support vector machines can also take advantage 
of non-linear kernels, such as Polynomial and Gaussian functions, to map the data to a 
very high dimensional space where the data can be linearly separated. OCSVM works 
similar to the SVM but it attempts to optimize the hyperplane between the origin and the 
remaining nominal data. 
 
The OCSVM algorithm was used as a fault detection function and is presented in Paper A 
and Paper B. The OCSVM algorithm was used in the proposed fault detection systems 
presented in Figure 11 and Figure 14 below. The OCSVM must be trained using the 
training offline (i.e. data before applying it on streaming data). The reason for offline 
training is that training the OCSVM algorithm is time-consuming, which is not suitable 
with online monitoring.   
 
3.3.1.3 The polygon-based method 
The polygon-based method involves the following stages: data mapping into 2D, 
clustering and polygonization [24]. In the first stage the data which were collected for a 
specific class are mapped into 2D, e.g. using the first two principal components. The 
second stage is to cluster the mapped data to identify the clusters which represent the 
specific class. K-means clustering algorithm can be used, for example, to find these 
clusters. The last stage is to find the polygons which represent these clusters. The 
Delaunay Triangulation-based polygonization approach is an example of a method that 
can be used to construct the polygons which represent the clusters. A new data point is 
tested by mapping it into 2D, and then checking whether the data point falls into the 
specific class polygons or not. If so, that indicates that the new data point belongs to the 
specific class; otherwise, it does not [24]. 
The polygon-based method was used in Paper A and Paper B as a fault detection function 
in the proposed fault detection systems which are illustrated in Figure 11 and Figure 14. 
The polygon-based method was further developed to cope with the problem of concept 
drift in Paper E. 
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The remainder of this chapter presents an introduction to the data stream management 
systems and data stream prediction. Section 3.3.2 introduces data stream management 
systems and section 3.3.3 introduces data stream prediction. 
 
3.3.2 Data Stream Management Systems 
Data stream management systems (DSMSs) have been found to be an effective means of 
handling continuously generated data. A data stream management system (DSMS) can be 
defined as an extension of a database management system which has the ability to 
process data streams. A DSMS is similar in structure to a database management system 
(DBMS) [54] but in addition to storing some data locally, it is also able to query and 
analyze continuously arriving streaming data. The streaming data arrive continuously, the 
arrival rate may vary from time to time and the missed data may be lost [50]. Figure 2 
shows an abstract architecture for a data stream management system (adopted from [11]), 
further discussed in Paper C.  
 

 
Figure 9. An abstract architecture for a DSMS including a query processor and local data storage 

(Paper C) 
 
Queries to a stream may, as a result, have a stream as well. Such queries are called 
continuous queries (CQs), since they are executed continuously to produce the result 
stream once they have been registered to the DSMS. A CQ is either terminated manually 
or when a stop condition (e.g. time limitation) becomes true. The query processor is 
responsible for executing the continuous user queries over the input data stream, and then 
streaming the output to the user or to a temporary buffer. The local data storage is used 
for temporary working storage, stream synopses and meta-data [11]. For performance 
reasons it is often necessary to store the local data in a main memory, even though access 
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to disk files, e.g. for logging, may be necessary. Sensor networks, network traffic 
analysis, financial tickers and transaction log analysis are examples of DSMS 
applications  . 
 
3.3.3 Data Stream Prediction 
Data stream prediction uses historical data and/or current data stream to forecast future 
data stream. Data prediction can be applied for short-term prediction or for long-term 
prediction. According to Yong and Rong-Hua [55], forecasting future trends of data 
streams is very important in many applications. There are many data stream prediction 
algorithms, as was shown in Paper B. In Paper B the linear regression method and the 
exponential smoothing based linear regression analysis method (ES_LRA) [56] were 
used as a data stream predictors. The linear regression and the ES_LRA methods are 
further discussed in the following subsections. 
 
3.3.3.1 The Linear Regression Method 
The linear regression model is used to predict the output y , usually called dependent 
variable, using a vector ),...,,( 21 nxxxX of independent variables. 
 
The linear regression model can be written as [57]: 

n

j
nnBxBy

1
0  

 
(8) 

 
where iB are parameters of the model. The optimal values of the parameters found by the 
least square technique are given by [57]: 
 

yXXXB TT 1)(  
 
  (9) 

 
where X  is a nN  matrix of input data and y is the N -vector output. 
 
3.3.3.2 The Exponential Smoothing based Linear Regression Analysis Method 
The ES_LRA algorithm uses both the linear regression and the exponential smoothing 
methods. It uses part of the data to estimate the parameters of the linear function which fit 
the training data, i.e. using the linear regression method. Thereafter, it uses the most 
recent data to adjust the estimated parameters, with predefined precision, by applying a 
Smoothing Coefficient ( ) through the exponential smoothing method.  
 
Products of high quality can be obtained by increasing the maintainability, reliability and, 
thus, availability of industrial products and product concepts. The maintainability can be 
improved by monitoring the products in the operation phase. Products can be monitored 
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by searching the data collected (or monitored) from sensors which are installed on the 
products. The data from sensors can arrive at a high frequency in a data stream. DSMS is 
a helpful tool for controlling and managing the streamed data. In addition, data stream 
mining can be used to search the generated data. 
    
The results of this thesis and the application of the above theory are presented in Chapter 
4 (Mining data streams to increase  industrial product availability) and discussed in 
Chapter 6 (Discussion and Conclusions). The appended papers are discussed in Chapter 
5. 
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CHAPTER 4

MINING DATA STREAMS TO INCREASE
 INDUSTRIAL PRODUCT AVAILABILITY
In this chapter the main results of the thesis are presented.  
 

his chapter presents the grid-based classification method, the fault detection 
system, the extended fault detection system (i.e. integrated with a data stream 
predictor), a method to update one-class data-driven models to cope with concept 

drift, and the results of different tests which were performed in this research. In addition, 
a comparison between data-driven models and knowledge-based models is presented. 
Finally, how DSM and cloud services can be utilized for increased  product availability 
awareness is discussed.   
 
The grid-based classification method is presented in section 4.1. The proposed fault 
detection system used in this doctoral thesis and Paper A is presented in section 4.2 and 
its test results in section 4.3. The modified fault detection system used in this 
doctoral  thesis and Paper B is presented in section 4.4 and its test results in section 4.5. 
The developed method to update a one-class data-driven model is presented in section 4.6 
and its test results in section 4.7. The comparison between the knowledge-based and data-
based models is presented in section 4.8. How DSM and cloud service can be utilized for 
increased functional  product availability awareness is discussed in section 4.9.   Finally, 
aggregated results regarding increased industrial product  availability is discussed in 
section 4.10. 
 
4.1 The Grid-based Classification Method 
The grid-based classification method, which was proposed in Paper A, uses a grid to 
partition the data space into smaller elements. The grid can have different element shapes 
and sizes. Each element keeps information regarding the training data points. The 
classification process is fast, as the new data point is classified according only to its 
corresponding element information, not depending on all of the data. The flow chart for 
the grid-based method is illustrated in Figure 10 below. 
 

T
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Figure 10. Grid-based classification method architecture (Paper A) 
 
Figure 10 shows that the training data is mapped into two dimensions using the PCA 
techniques. After selecting the preferred grid the mapped data is used to populate the 
grid. In the “Populate the grid” process every element will store the number of the data 
which belongs to every class in the training data. All the element information is then 
saved in a database. More details can be found in Paper A. 
 
Once a new data point arrives the data point is mapped into two dimensions using the 
first two principal components, which were calculated from the training data. The 
element in which the new data point was mapped is found in the “Get element” process. 
The element information is then used to decide to which class the data point belongs. 
Further details, figures and explanations can be found in Paper A. 
 
4.2 The Fault Detection System 
The fault detection system was proposed in Paper A and its architecture is illustrated in 
Figure 11. Note that the algorithms, which are used as a fault detection function in Figure 
11, needed to be trained by training data before bringing them online. That is because 
training some algorithms such as OCSVM requires a lot of time, which is not convenient 
with online monitoring.  
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Figure 11. the architecture of the fault detection system (Paper A) 

 
The data source in Figure 11 represents the incoming data which are going to be 
searched. This data can come, for example, from the sensors which are installed in the 
product being monitored. The DSMS is used to control and manage the generated data 
stream. The fault detection function is responsible for detecting abnormal data. In this 
research the data stream classification algorithms were used to classify data  as normal or 
abnormal. In addition, the fault detection functions were implemented using the DSMS 
query language, i.e. AmosQL [30]. The fault detection function output has two values, 
either failure (abnormal data) or not (normal data). The alarm, which can be a light, a 
sound or a message, is activated when the output indicates the occurrence of a failure.  
 
The new incoming data, after being labelled as either normal or abnormal, are used to 
retrain the algorithms offline. That enables the fault detection system to be updated 
according to the changes which may occur during the product operation time. Further 
details about updating the fault detection function are discussed in section 4.6 below and 
Paper E. 
 
4.3 Fault Detection System Test Results  
In this section the results of testing the proposed fault detection system, illustrated in 
Figure 11, are presented. The three data stream mining algorithms used in this test were: 
polygon-based, OCSVM and grid-based classification methods. The algorithms were 
trained offline. After training, the polygons which represent the safe area were 
constructed (for polygon-based method), the number of normal and abnormal data in each 
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element in the grid were saved (for the grid-based method), and the decision boundary for 
the OCSVM was constructed. The reults of the polygon-based and grid-based methods 
can be visualized, since they are in 2-dimensional space. Figure 12 shows the resultant 
polygons which represent the safe areas using the polygon-based method.  

 
Figure 12. Polygons represent safe areas (Paper A)  

 
The resultant three clusters are due to the three different speeds at which the hydraulic 
motor operated during the tests reported here. The blue dots in Figure 12 represent the 
normal behaviour, while the red circles represent the failures. The three polygons, shown 
by red lines,  represent the decision boundaries. That means if a new data point is mapped 
inside the polygons, then it represents a normal data point, i.e. no failure. On the other 
hand, if a new data point is mapped outside the polygons, that means a failure may exist. 
Figure 12 shows that most of the artificial failure data are mapped out of the constructed 
polygons. Few artificial failure data points, which are mapped inside the polygons, are 
miscalssified. 
 
Figure 13 shows the triangle grid which was used in the test. The blue dots in Figure 13 
represent normal behaviour, while the red circles represent faults.  
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Figure 13. Grid-based method (Paper A) 

 
The threshold method was used to decide whether a new data point belongs to the normal 
data or not. By trying different numbers the threshold value was selected to be 7, since it 
achieves the highest classification accuracy. That means a new data point is considered 
normal data if the coresponding element has more than 7 data points from the normal 
data. 
 
The three algorithms, i.e. polygon-based, OCSVM and grid-based classification methods, 
were then used as a fault detection function in the proposed fault detection function 
illustrated in Figure 11. The data were streamed and applied on the trained algorithm 
through DSMS. The number of false alarms for both normal and abnormal data was noted 
and the classification accuracy for every algorithm was calculated. The time needed to 
process the data stream for every algorithm was also noted. The result of the test is 
presented in Table 2. 
 
Table 2. Classification accuracy for polygon-based, OCSVM and grid based algorithms and their 
speed (Paper A) 

Method Classification 
accuracy 

(Normal data)

Classification 
accuracy 

(Abnormal data) 

Classification 
accuracy 
(Overall) 

Processing 
time for one 
data point(s) 

Polygons-based 96.02% 92.54% 95.99% 0.02 
OCSVM 98.40% 98.53% 98.40% 0.00026 

Grid-based 96.82% 83.82% 96.73% 0.035 
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Table 2 shows that all three algorithms achieved good classification accuracy with at least 
~96% overall classification accuracy. However, the best classification accuracy was 
achieved by the OCSVM method with overall classification accuracy 98.4%. The 
processing time varies between the algorithms. The fastest algorithm was OCSVM, with 
only 0.00026 sec. processing time for one data point, i.e. it can handle around 3,846 data 
points per second. The grid-based method outperforms the polygon-based method in 
classifying normal data. However, the polygon-based method outperforms the grid-based 
method in classifying abnormal data. The explanation for these results is presented in 
Paper A.  
 
4.4 The Modified Fault Detection System 
The modified fault detection system, in terms of research process, refers to box number   8 
in Figure 4 of Chapter 2. The architecture of the modified fault detection system which 
was proposed in Paper B is illustrated in Figure 14 below. The process of Figure 14 is 
further developed based on the previous system in Figure 11.  

 
Figure 14. Flow chart for the modified fault detection system (Paper B) 

 
The fault detection system is modified to include a data stream predictor which may be 
used to predict product faults. The new incoming data stream will pass through two 
parallel processes. The first process will detect the failures using the incoming data 
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The x-axis in Figure 15 presents the window size or the duration of the prediction, i.e. 
having 100 as window size means the methods will predict the next 100 sec. The y-axis 
presents the Mean Average Error (MAE). The error is the difference between the real and 
the predicted value. Figure 15 shows that the methods perform differently. However, the 
prediction error is increasing as the window size increases, i.e. it performs better in short-
term prediction than in long-term prediction. Further explanation of the results can be 
found in Paper B. 
 
As short-term prediction is important for gaining time in case of sudden failures, the 
prediction methods were used to predict the next 60 seconds, i.e. the window size is 60 
seconds, using overlap size equal to 20% of the window size (see Figure 15). To set up 
the modified fault detection system the three methods, polygon-based, OCSVM and grid-
based classification, were used as fault detection functions in Figure 14, i.e. there are 
three tests. Note that to compare the result the same algorithm is used as fault detection 
function 1 and fault detection 2 in Figure 14 in every test. The results of the tests are 
presented in Table 3. 
 
Table 3. Classification accuracy for the different fault detection algorithms (Paper B) 
Type of Data Classification 

accuracy using 
Polygons-based 

Classification 
accuracy using 

OCSVM 

Classification 
accuracy using 

Grid-based 
Real data 96.76% 98.41% 97.11% 
Predicted (Method1) 77.29% 86.02% 86.25% 
Predicted (Method2) 81.91% 86.71% 88.96% 
Predicted (Method3) 79.27% 87.57% 87.52% 
Predicted (Method4) 72.14% 79.72% 82.88% 
 
Table 3 shows the classification accuracy for the different fault detection algorithms. The 
real data row in Table 3 shows the accuracy of the “Alarm” box in Figure 14 when using 
the three methods polygon-based, OCSVM and grid-based classification as “fault 
detection function 1” in Figure 14. The rows from 3-6 in Table 3 show the accuracy of 
the “Fault detection alarm” box in Figure 14 when using the 1-4 prediction methods and 
the three methods polygon-based, OCSVM and grid-based classification as “fault 
detection function 2” in Figure 14. The result shows that the classification accuracy 
depends on both the fault detection algorithm and the prediction method. The best 
performance, in terms of classification accuracy, was obtained when using the grid-based 
classifier. Generally, Method2 and Method3 outperform Method1 and Method4. 
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4.6 A Method for Updating and Retraining a Polygon-based Model   
As the monitored system behaviour may change with time, the applied fault detection 
may need to be updated or retrained. A method to update a one-class data-driven model is 
presented in Paper E. In this section the proposed method is illustrated by studying the 
case of the polygon-based model (PBM), a one-class data-driven model. Thus, this 
section presents a method to update a polygon-based model so that it can overcome the 
problem of concept drift (often occurring over time as industrial products operate), thus 
increasing the PBM performance. The PBM involves 1. mapping the high-dimension data 
into two dimensions, 2. clustering, and 3. polygons construction. The DBSCAN 
algorithm [58] is suggested to be used for clustering, as it does not require determination 
of the number of clusters beforehand. The DBSCAN algorithm requires two parameters 
Minpts and Eps. Figure 16 illustrates the developed methods and shows when to update 
or retrain the PBM.    

 

 
 

Figure 16. flow chart showing the developed PBM 
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Figure 16 shows that if a new data point is mapped inside the polygon limits, then it is 
considered to represent normal behaviour. If the new data point mapped outside the 
polygon and its distance to the polygon is less than or equal to Eps, then it is considered 
as representing concept drift and the polygon must be updated (block 17 in Figure 16). 
The polygon is updated by redefining its limits as shown in Figure 17. If the distance 
between the mapped point and the polygon boundary is more than Eps, then the mapped 
data point is considered as representing abnormal behaviour (block 8 in Figure 16). If the 
human feedback shows that the PBM misclassified a mapped data point, then retraining 
of the PBM is required (block 15 in Figure 16). Further details can be found in Paper E. 
The results of testing the developed PBM are presented in the next section. 
 

 
Figure 17. Example showing a polygon before and after update 

   
4.7 Results of Testing the Developed Polygon-based Model 
The tank test data presented in Chapter 2 were used to test the developed PBM. A 
window size of 60 elements was applied over the arrived data, resulting in around 186 
windows. The first arrived window was used to construct the initial polygon(s). For 
comparative purpose, the static PBM (i.e. PBM without updating) and the developed 
PBM were first tested using data which only represent normal behaviour. The results of 
testing the static PBM are presented in Figure 18 and for the developed PBM in Figure 
19. Fault signal (equal to 0) indicates that there was no  fault in a given window, whereas 
a fault signal (equal to 1) indicates that a fault has occurred.   
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Figure 18. Results from testing the proposed method without updating procedure using data without 

faults 
 

 
Figure 19. Results of testing the proposed method using data without faults   

 
As the data set has no faults, all issued fault signals in Figure 18 and Figure 19 are faulty 
alerts (misclassified). The static PBM misclassifies 67 windows out of 186, while the 
developed PBM misclassifies only 2 windows out of 186. Thus, the developed PBM 
shows a significant accuracy improvement compared to the static PBM.  
 
When artificial faults were inserted in the previous data set, both models were able to 
detect all inserted artificial faults. Further details and discussion can be found in Paper E. 
 
In the next section a comparison based on testing methods representing a data-driven 
model and a knowledge-based model is presented.   
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4.8 Comparing Data-driven and Knowledge-based Fault Detection 
Methods 
In this section results from testing a fault detection model based on a data-driven method, 
PCA, and a fault detection model based on a knowledge-based method, Fault Tree 
Analysis (FTA), are presented and compared (see also Paper D). The experimental setup 
for these tests is presented in Paper D.  The results showed that PCA was able to achieve 
high classification accuracy for data collected from the shredder application. PCA was 
able to correctly classify about 99.9% of faulty data and around 96.4% of data which 
represented normal behaviour. The knowledge-based model was able to achieve similar 
performance as the PCA method. The knowledge-based method was able to classify 
around 99.9% of faulty data, and around 95.9% of data represents normal behaviour 
correctly. However, with further development and investigation of misclassified data, 
both methods were able to detect all faults without any false alert. Also, it was found that 
both methods are fast enough to search data streams, at least fast enough for the 
application at hand for Paper D. 
 
Based on literature as well as building and testing the two models (in Paper D), it was 
found that every fault detection technique has its own advantages and disadvantages. The 
advantages of data-driven models are that, to build and update, they require less time and 
cost than knowledge-based models. Also, data-driven methods have the ability to  provide 
new information such as new types of out-of-bounds data sets, which may not be 
presented in knowledge-based  models. Building a data-driven model does not require 
specific engineering knowledge. However,  data-driven models cannot be built without 
data sets and their accuracy is based on the applied algorithm. On the other hand, 
knowledge-based methods use engineering knowledge to build the fault detection 
model  without the need of a data set. Also, they have the ability to achieve good 
performance in detecting pre- known faults.  Table 4 summarizes the comparison between 
data-driven and knowledge-based models.      
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Table 4. Comparison between knowledge-based and data-driven methods 
 Knowledge-based method Data-driven method 
Development cost High 

 
Cheap 
 

Development  time 
 

Long  Short 

Fault detection accuracy 
 

High 
 

Based on the algorithm 
 

Adaptiveness 
 

Time and cost expensive Cheap and fast 

Data set availability Not necessary 
 

Necessary 

Speed (ability to query 
the incoming data 
stream) 
 

High High (Depending on the 
algorithm) 

Ability to detect new 
information 
 

No Yes 

Require deep system-
specific knowledge 
 

Yes No 

Area of application Can be used for both small 
and  large-scale systems 
using software packages   

Can be used for both small 
and large-scale systems 

 
The next section discusses how DSM and cloud service can be utilized for increased 
functional  product availability awareness.   
 
4.9 Data Stream Mining and Cloud Services for Increased Functional 
Product Availability  Awareness   
Data stream mining may increase the availability of hardware (that is part of a FP)  by 
detecting,  predicting and avoiding failures. Figure 20 below  shows how monitoring and 
services can  be obtained using DSM and DSMS. The lifecycle data of a product can be 
analyzed  and  interpreted to get the status of the product and also to answer  queries from 
engineers. As  presented in Figure 20, the data stream mining  algorithms are responsible 
for  information extraction from  continuous and rapidly arriving streams of data. The 
DSM  algorithms can be formulated as continuous queries (CQ), which can be then 
applied  over arrived data stream by the DSMS. The  DSMS can also be used for 
controlling and  managing the  generated data stream and answer queries from engineers. 
The  extracted  information (i.e. the output stream) is then interpreted to obtain 
relevant  knowledge.  Finally, that knowledge may be made into a service  by 
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being  presented in a post- processing interface according to the  needs of the functional 
product supplier or customer.   
 

 
Figure 20. Flow chart showing how services can be obtained using DSM and DSMS 

 
The collection and analysis of data across several FPs through a cloud service may have 
the potential  to increase the availability of one or several FPs. For example, cloud 
services can be utilized to monitor multiple  FPs which are running under similar (or 
dissimilar) conditions. If any of the  monitored FPs start to behave abnormally, then the 
data properties related to that particular FP will deviate from  the data properties of the 
other FPs. Furthermore, data stream mining queries can be included in a cloud service 
online, allowing for monitoring of several FPs at the same time.  
 
4.10 Aggregated Results Regarding Increased Industrial Product 
Availability 
The results from Paper A and Paper D showed that use of DSM algorithms and DSMS 
systems in a monitoring system has the potential to facilitate searching of large data 
streams, and in the specific case of BRMAB, detect faults and predict failures in the 
hydraulic systems. Based on the status of the monitored equipment, DSMS might be used 
to trigger the correct proactive or reactive response in the support system, thus improving 
system maintainability and availability. Paper C discusses how the fault detection system 
presented in Paper A can be used to increase product availability  awareness. Paper F 
discusses the importance of analyzing the monitored product data, as exemplified in a 
cloud service.   
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Paper D showed that both data-driven and knowledge-based methods can be used to 
monitor the cooler functionality of a BRMAB hydraulic drive system. Both methods were 
formulated into CQs using SCSQL and then executed by a DSMS to monitor a BRMAB 
hydraulic system. Paper D showed that both methods achieved high classification 
accuracy in detecting faults. Detecting faults and deviations from normal status might 
increase system maintainability by facilitating the timely scheduling of planned stops, 
thus increasing system availability. In addition, detecting faults, together with the 
appropriate operational changes, may also increase system reliability by extending 
MTTF. The performance of the developed models may also indicate their suitability for 
monitoring other hydraulic drive functions and even other product functions. 
 
Paper B showed that using data stream prediction (to predict future behaviour of the 
monitored equipment) and DSM algorithms (for fault detection) might be used to forecast 
industrial equipment failures. Prediction of equipment failures supports the timely 
scheduling of planned stops, thereby improving maintainability. Furthermore, detecting 
faults before they occur increases system reliability if these faults are avoided; equipment 
availability is thereby increased. 
 
Paper E presents a flow chart showing when a one-class data-driven model should be 
updated or retrained to overcome the problem of concept drift. Based on the identified 
scenarios in the flow chart, a method was developed to automatically update the safe area 
limits of a polygon-based model (PBM). The results showed that the developed PBM was 
able to reduce the number of false alerts, compared to the static PBM. Reducing the 
number of false alerts may improve the monitored system availability by reducing 
unnecessary response action or possibly preventing a shutdown of the monitored system. 
 
The next chapter (Chapter 5) discusses the appended papers, while Chapter 6 presents the 
discussion and conclusions of this thesis. 
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CHAPTER 5

THE APPENDED PAPERS
In this chapter the appended papers and their logical relations and contributions are 
discussed.  
 

he appended papers, Paper A to Paper F, are listed below. Thereafter, in section 
5.1, Figure 21 describes the logical relations between the papers and the papers are 
also further expanded upon. The abstracts of the appended papers, their 

contribution to the thesis, and the contribution of the author of this thesis to the appended 
papers, are presented in sections 5.2 to 5.7.  
 
Paper A 
A. Alzghoul and M. Löfstrand, "Increasing availability of industrial systems through data 
stream mining," Computers & Industrial Engineering, vol. 60, pp. 195-205, 2011. 
 
Paper B 
A. Alzghoul, M. Löfstrand, and B. Backe, "Data stream forecasting for system fault 
prediction," Computers & Industrial Engineering, vol. 62, pp. 972-978, 2012. 
 
Paper C 
A. Alzghoul, M. Löfstrand, L. Karlsson, and M. Karlberg, "Data Stream Mining for 
Increased Functional Product Availability Awareness," in Functional Thinking for Value 
Creation, J. Hesselbach and C. Herrmann, Eds., ed: Springer Berlin Heidelberg, 2011, pp. 
237-241. 
 
Paper D 
A. Alzghoul, B. Backe and M. Löfstrand. "Comparing quantitative and qualitative 
approaches in querying data  streams for system fault detection". Submitted for journal 
publication . 
 
Paper E 
A. Alzghoul and M. Löfstrand. "Addressing concept drift to improve system availability 
by  updating one-class data driven models". Submitted for journal publication . 
 
Paper F 
J. Lindström, M. Löfstrand, S. Reed, and A. Alzghoul. "Use of Cloud Services in 
Functional Products: availability implications". Submitted for conference publication. 
 
  

T
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5.1 Relations between the Appended Papers 
This section discusses the relations between the appended papers (i.e. Paper A to Paper F 
presented above). The relations between the appended papers are summarized in Figure 
21. 

 
 

Figure 21. The relations between the appended papers   
 
Figure 21 shows that Paper A includes a literature review (i.e. block 1 in Figure 21), the 
proposed fault detection system based on DSM and DSMS (block 3), and the proposed 
grid-based classifier algorithm (block 2). The proposed fault detection system (block 3) 
was tested using three one-class data-driven models. Paper B was produced by 
integrating the data stream prediction (block 4) in the fault detection system (block 3) 
presented in Paper A. To overcome the problem of concept drift (block 5), Paper E 
presents a method for automatically updating the safe operation limits of the one-class 
data-driven models. 
 
Paper C explains how the results in Paper A can be used to support continuous 
availability awareness of industrial systems for engineers. In addition, Paper C presents 
the requirements for setting up the fault detection system (block 3) presented in Paper A. 
Possible use of cloud services with results from Paper C to improve product availability 
is presented in Paper F. Finally, comparison of a data-driven model (block 8) and a 
knowledge-based model (block 9) is presented in Paper D. Sections 5.2 to 5.7 present a 
summary of the appended papers, their contributions to this doctoral thesis and the 
author’s contribution to each paper.  
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5.2 Paper A: Increasing Availability of Industrial Systems through Data 
Stream Mining 
 
Published at: Computers & Industrial Engineering - Elsevier  
 
Abstract:  
Improving industrial product reliability, maintainability and, thus, availability is a 
challenging task for many industrial companies. In industry, there is a growing need to 
process data in real time, since the generated data volume exceeds the available storage 
capacity. This Paper consists of a review of data stream mining and data stream 
management systems aimed at improving product availability. Further, a newly 
developed and validated grid-based classifier method is presented and compared to 
OCSVM and a polygon-based classifier.  
 
The results showed that, using 10% of the total data set to train the algorithm, all three 
methods achieved good (>95% correct) overall classification accuracy. In addition, all 
three methods can be applied on both offline and online data. 
 
The speed of the resultant function from the OCSVM method was, not surprisingly, 
higher than the other two methods, but in industrial applications the OCSVMs’ 
comparatively long time needed for training is a possible challenge. The main advantage 
of the grid-based classification method is that it allows for calculation of the probability 
(%) that a data point belongs to a specific class, and the method can be easily modified to 
be incremental. 
 
The high classification accuracy can be utilized to detect the failures at an early stage, 
thereby increasing the reliability and, thus, the availability of the product (since 
availability is a function of maintainability and reliability). In addition, the consequences 
of equipment failures in terms of time and cost can be mitigated.  
 
Paper A contribution to thesis: The main contribution is the proposed fault detection 
system, which is based on DSM and DSMS technologies. 
 
Author’s contribution to Paper A: Review of the DSM algorithms and their 
applications in the field of operation and maintenance; proposal, implementation and 
testing of the grid-based classification method; proposal, implementation and testing of 
the proposed fault detection system. 
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5.3 Paper B: Data Stream Forecasting for System Fault Prediction 
 
Published at: Computers & Industrial Engineering - Elsevier  
 
Abstract:  
Competition among today’s industrial companies is very high. Therefore, system 
availability plays an important role and is a critical point for most companies. Detecting 
failures at an early stage or foreseeing them is crucial for machinery availability. Data 
analysis is the most common method for machine health condition monitoring. In this 
paper a fault-detection system based on data stream prediction, data stream mining and 
data stream management system (DSMS) was proposed. Companies that are able to 
predict and avoid the occurrence of failures have an advantage over their competitors. 
The literature has shown that data prediction can also reduce the consumption of 
communication resources in distributed data stream processing. 
 
In this paper different data-stream-based linear regression prediction methods have been 
tested and compared within a newly developed fault detection system. Based on the fault 
detection system, three DSM algorithms’ outputs are compared to each other and to real 
data. The three applied and evaluated data stream mining algorithms were: Grid-based 
classifier, polygon-based method, and one-class support vector machines (OCSVM). 
 
The results showed that the linear regression method generally achieved good 
performance in predicting short-term data. (The best achieved performance was with a 
Mean Absolute Error (MAE) around 0.4, representing prediction accuracy of 87.5%). Not 
surprisingly, results showed that the classification accuracy was reduced when using the 
predicted data. However, the fault-detection system was able to attain an acceptable 
performance of around 89% classification accuracy when using predicted data. 
 
Paper B contribution to thesis: A newly developed fault detection system was 
proposed. The newly proposed fault detection system modified the fault detection which 
was proposed in Paper A by integrating the data stream prediction technology. By using 
data stream prediction, faults can be detected earlier and failures might be avoided.   
 
Author’s contribution to Paper B: Review of the data stream prediction algorithms; 
implementation and testing of different data stream predictors; proposal, implementation 
and testing of the new fault detection system; comparison of the results of the proposed 
fault detection systems in Paper A and Paper B. 
 
  



 59  
 

5.4 Paper C: Data Stream Mining for Increased Functional Product 
Availability Awareness 
 
Published at: The 3rd CIRP International Conference on Industrial Product Service 
Systems, Braunschweig, Germany. 
 
Abstract: 
Functional Products (FP) and Product Service Systems (PSS) may be seen as integrated 
systems comprising hardware and support services. For such offerings, availability is key. 
Little research was done on integrating Data Stream Management Systems (DSMS) for 
monitoring (parts of) a FP to improve system availability. This paper introduces an 
approach for how data stream mining may be applied to monitor hardware being part of a 
Functional Product. The result shows that DSMSs have the potential to significantly 
support continuous availability awareness of industrial systems, especially important 
when the supplier is to supply a function with certain availability. 
  
 
Paper C contribution to thesis: The DSMS requirements, which were used in the fault 
detection system, were presented. The paper also shows how the proposed fault detection 
system can be used in product development and building the support system. 
 
Author’s contribution to Paper C: Presentation of information about DSMS technology 
and its requirements; participation in identifying how services can be obtained using 
DSMS and data stream mining technologies. 
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5.5 Paper D: Comparing Quantitative and Qualitative Approaches in 
Querying Data  Streams for System Fault Detection 
 
Submitted for journal publication .  
 
Abstract: 
The field of fault detection and diagnosis has been the subject of considerable interest in 
industry. Fault detection may increase the availability of products, thereby improving 
their quality. Fault detection and diagnosis methods can be classified into three 
categories: data-driven, analytically based, and knowledge-based methods. 
 
In this work, the performance of applying different fault detection methods in searching 
high-volume data streams was investigated. A knowledge-based (qualitative) method was 
compared to a data-driven (quantitative) method. A fault detection system based on a data 
stream management system (DSMS) was developed in order to test and compare the two 
methods using data from real hydraulic drive systems. 
  
The knowledge-based method was based on causal models (fault trees) and principal 
component analysis (PCA) was used to build the data-driven model. The performance of 
the methods, in terms of accuracy and speed, was examined using normal and physically 
simulated fault data. The results showed that both methods were able to detect faults with 
high accuracy. Also, it was found that both methods generate queries fast enough to 
query the data stream online with a similar level of classification accuracy. The industrial 
applications of both methods include monitoring of individual industrial mechanical 
systems as well as fleets of such systems. In the context of this paper, the two methods 
can be used to increase industrial system availability. 
 
Paper D contribution to thesis: Construction of two different fault detection methods, 
one based on data-driven method and the other based on knowledge-based method. The 
two methods were formulated as CQ and tested using data collected from BRMAB. 
Comparison of the performance of both methods and demonstration of how the methods 
can be utilized in product development and to increase availability of industrial products. 
 
Author’s contribution to Paper D: Construction of the data-driven model; formulation 
of both the data-driven model and the knowledge-based model as CQ; adjustment of the 
parameters for the knowledge-based model; testing of both models using data from 
BRMAB; comparison of the performance of the two models.    
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5.6 Paper E: Addressing Concept Drift to Improve System Availability 
by  Updating One-class Data-driven Models 
 
Submitted for journal publication .  
 
Abstract: 
Data-driven models have been used to detect system faults, thereby increasing 
industrial  system availability. The ability to search data streams while dealing with 
concept drift are  challenges for data-driven models. The objective of this work is to 
develop a method that  can improve the performance of a polygon-based model (PBM) 
and thereby overcome the  problem of concept drift.  
    
In this work, the available industrial data allowed for use of one-class data-driven 
models  and PBM was selected because it has previously been successful. Possible 
scenarios  which may allow one-class data-driven models to be retrained or updated were 
identified.  Based on the identified scenarios, a method to automatically update a PBM 
online is  proposed here. The method was tested and verified using data collected from 
Bosch  Rexroth Mellansel AB (BRMAB) hydraulic drive system.  
 
The results showed that the included artificial faults were well detected by the 
developed  PBM method. Indeed, the developed PBM method was able to address the 
concept drift  issue and able to achieve a classification accuracy of 98.92% for data 
representing normal  system behavior, as compared to 63.98% using static PBM.  
 
The paper shows that the developed PBM requires small memory space while its 
updating  procedure is simple and fast. Finally, the identified scenarios may be helpful for 
as input  for supporting other one-class data-driven models to cope with concept drift, 
thus  increasing the generalizability of the results. 
    
Paper E contribution to thesis: Proposal of a method which determines when to update 
and retrain a one-class data driven models; development of a PBM which is able to 
manage concept drift problem, thus increasing PBM performance.  
 
Author’s contribution to Paper E: Identification of the cases in which retraining or 
updating is needed for a one-class data driven models; development of an update method 
for PBM; implementation of a PBM which can automatically be updated or retrained 
when needed; testing of the developed PBM using data from BRMAB.   
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5.7 Paper F: Use of Cloud Services in Functional Products: Availability 
Implications 
 
Submitted for conference publication .  
 
Abstract: 
The paper addresses the potential use of cloud services in Functional Products   (FP) and 
its possible implications on availability. Further, how the implications  on availability can 
be understood via modeling and simulation is addressed. The  paper adds further 
specificity to literature by indicating the FP constituents for  which cloud services are 
applicable and adequate.    
 
Paper F contribution to thesis: The paper shows possible use of cloud services in FP 
and what implications their use may have for FP  availability. 
 
Author’s contribution to Paper F: Discussion of the importance of analyzing FP-
related data through a cloud service.  
 
Concluding remarks, a summary of the main contributions of this thesis and possible 
future work are presented in Chapter 6. 
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CHAPTER 6

DISCUSSION AND CONCLUSIONS
In this chapter the results and conclusions, the author’s contributions and possible future 
work are discussed.  
 

ncreasing the availability of industrial products is an important issue for many 
companies. In this thesis the ability to utilize product operation data to monitor 
products in the operation phase, through the use of DSM and DSMS technologies, 

has been investigated. 
 
A review of the DSM algorithms and their applications in the field of operation and 
maintenance was performed in Paper A. A grid-based classification method was 
proposed, tested, verified and validated in Paper A.  The results of testing the grid-based 
method were compared to other algorithms, i.e. one-class support vector machine and 
polygon-based classification methods. The grid-based classification method allows for 
calculation of the probability (%) that a data point belongs to a specific class, and it can 
be easily modified to be incremental. 
 
In this  thesis, in Paper A and Paper B, two different fault detection systems were 
proposed. The fault detection systems were based on DSM and DSMS technologies. Data 
collected from BRMAB  hydraulic motors were used to test the fault detection systems. 
The results showed that the fault detection systems were able to classify abnormal data 
from normal with high accuracy (around 95% correctly classified). The high 
classification accuracy can be utilized to detect failures, thus increasing maintainability 
by supporting scheduled planned stops. Thereby, maintenance actions can be applied on 
time, and that will increase the availability of the product. In addition, the consequences 
of equipment failures in terms of time and cost can be mitigated. The fault detection 
system outputs might be also used to reduce the probability of equipment failures and 
update the parameters in the availability prediction model, and thus increase the accuracy 
of the availability prediction model. Therefore, the proposed fault detection systems have 
the ability to support continuous availability awareness of industrial systems, as was 
shown in Paper C. Such availability awareness is especially important when the supplier 
is to supply certain product availability to a customer. 
 
It was found that some failures which occur in a short period, such as seizure, need to be 
detected as early as possible. Therefore, the data stream prediction was used to deal with 
short-term problems. The data stream predictor can forecast future data. The predicted 

I
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data can then be applied to a fault detection system. Thereby, a failure can be detected 
earlier and, if there is a fast response, it is possible that the failure can be avoided. 
Avoiding failures may increase the mean time to failure (MTTF), thus increasing 
reliability and availability.  
 
The problem of concept drift in one-class data-driven models was investigated and 
different possible scenarios which may lead to updating or retraining of a one-class data-
driven model were identified in Paper E. Based on the identified scenarios, a method to 
cope with the problem of concept drift, based on PBM, was developed, verified and 
validated using data collected from BRMAB hydraulic motors. The static and developed 
PBM were tested using data collected from BRMAB. It was found that the developed 
PBM outperformed the static PBM by achieving 98.92% classification accuracy, as 
compared to 63.98% for the static PBM. Furthermore, the developed PBM was able to 
detect fault cases when artificial faults were inserted into the data set. 
 
In addition, the performance, advantages and disadvantages of two fault detection 
techniques, i.e. data-driven and knowledge-based methods, were presented and discussed. 
The two methods were tested to monitor the cooler functionality of a BRMAB hydraulic 
motor being used in a shredder application. Both methods were formulated into 
continuous queries (CQ) and applied on data, from the shredder application, using a 
DSMS. The results showed that the two methods are applicable in monitoring the cooler 
functionality of hydraulic drive systems by detecting faults with high classification 
accuracy (>99%). The good performance of the two methods suggests that they may be 
used successfully to monitor other hydraulic drive functions and even other product 
functions. 
 
The CQ which is based on data-driven or knowledge-based methods might be used to 
issue signals from a DSMS to trigger the correct proactive or reactive response in the 
support system. Comparing the two methods, it was found that every fault detection 
technique has its own advantages and disadvantages. The decision as to which method to 
use is based on several factors such as the company requirements, knowledge from 
engineers, data availability, and time and cost.  
  
As discussed in Paper F, the collection and analysis of data across multiple products 
through a cloud service may have the potential  to increase the availability of the 
monitored products. Furthermore, DSM and DSMS, with the help of cloud services, 
might be used to assess how a category of machines is  working at different sites and 
under different conditions, thus increasing industrial  knowledge  concerning the 
monitored products. 
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Results presented in this doctoral thesis showed that the proposed fault detection system 
achieved good performance in detecting failures on time. Also, faults might be predicted 
earlier by using data stream prediction, and the performance of a fault detection model 
was improved by overcoming the problem of concept drift. Detecting and predicting 
failures before the occurrence prevents unplanned stops, thereby improving the reliability 
of the industrial systems and thus their availability. The mean time to failure may also 
increase if the detected fault can be avoided, thus increasing reliability and availability.  
 
The demonstrated ability of the proposed fault detection systems to improve 
maintainability and reliability and, ultimately, the product availability of industrial 
systems, is the main answer to the thesis research question: 
 
How should the availability of industrial systems be improved using data stream mining 
and data stream management systems? 
 
The industrial usefulness of the results achieved in this thesis can be summarized as 
follows: 

 With its high degree of classification accuracy, the fault detection system 
presented in Paper A and Paper D might be utilized to: 

o Detect the failures of an industrial system at an early stage, thereby 
increasing the maintainability and reliability and thus the availability of 
the industrial system. 

o Mitigate the consequences of equipment faults in terms of time and cost. 
 

 Using data stream forecasting for industrial system fault prediction as illustrated 
in Paper B might be helpful in: 

o Avoiding failures which otherwise may occur within a short period of 
time, for example, seizure of a hydraulic motor.    

o Gaining a longer reaction time for the support system to handle early 
warnings of impending failures may certainly be used to increase system 
availability. 

 Using DSM and DSMS allows industry to: 
o Monitor both individual industrial mechanical systems, as well as fleets of 

such systems. 
o Support continuous availability awareness of industrial systems. Such 

availability awareness is especially important when the supplier is to 
supply a function with certain availability, such as a functional product [4, 
46].  
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In terms of the product development process, DSM and DSMS might be used in the 
testing and refinement stage to improve prototypes and may thereby improve the quality 
of the product at an early stage of development. In addition, DSM and DSMS might be 
used in the late stage of a product lifecycle to improve the design of the next updated 
product version. 
 
6.1 Summary of Contributions 
The main contributions of this thesis can be summarized as follows: 

 A review of the data stream mining algorithms and classification of them into four 
categories: classification, clustering, frequency counting and time series analysis 
algorithms. 

 Proposal of a new data stream classification method, i.e. Grid-based classifier. 
The algorithm was tested and showed good performance. 

 Proposal of a fault detection system based on DSM and DSMS technologies. The 
system was tested using data collected from BRMAB  hydraulic motors. 

 Integration of the data stream prediction into the proposed fault detection system 
to detect failures earlier, thus gaining more time for response actions. The 
modified fault detection system was tested and showed a good performance. 

 Construction, testing and comparison of the performance of a knowledge-based 
method and a data- driven method for identifying and detecting failures in high-
volume data streams from industrial  equipment. 

 Proposal of a method for managing concept drift, outliers and misclassified data 
in one-class data-driven models. 

 Development and testing of a method for updating a PBM. The developed PBM 
was tested and showed a good performance when compared to static PBM.  

 Discussion of possible use of cloud services in FP and what implications their use 
may have on the FP  availability.     

 Presentation and discussion of the requirements for the proposed fault detection 
system based on DSM and DSMS, and how it can be used to increase product 
availability awareness. 

 
6.2 Future Work 
The fault detection system needs to be tested online to determine if it needs to be 
adjusted. One way to do that is to use or develop a data stream generator. Also, it is 
important to test the system using real failure data and to assess the cost when the fault 
detection system gives a faulty alarm. 
 
Future work may also include the integration of the fault detection system with the 
availability prediction model proposed by Löfstrand et al. [46], as discussed in Paper C. 
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The integration may increase the accuracy of the availability prediction model by 
updating its parameters. 
 
It is also beneficial to have a Graphical User Interface (GUI) for the proposed fault 
detection system. The GUI will facilitate interaction between the user and the system. It 
may also help in updating parameters, if needed. 
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Abstract  
Improving industrial product reliability, maintainability and thus availability is a 
challenging task for many industrial companies. In industry, there is a growing need to 
process data in real time, since the generated data volume exceeds the available storage 
capacity. This paper consists of a review of data stream mining and data stream 
management systems aimed at improving product availability. Further, a newly 
developed and validated grid-based classifier method is presented and compared to one-
class support vector machine (OCSVM) and a polygon-based classifier.  
 
The results showed that, using 10% of the total data set to train the algorithm, all three 
methods achieved good (>95% correct) overall classification accuracy. In addition, all 
three methods can be applied on both offline and online data. 
 
The speed of the resultant function from the OCSVM method was, not surprisingly, 
higher than the other two methods, but in industrial applications the OCSVMs’ 
comparatively long time needed for training is a possible challenge. The main advantage 
of the grid-based classification method is that it allows for calculation of the probability 
(%) that a data point belongs to a specific class, and the method can be easily modified to 
be incremental. 
 
The high classification accuracy can be utilized to detect the failures at an early stage, 
thereby increasing the reliability and thus the availability of the product (since 
availability is a function of maintainability and reliability). In addition, the consequences 
of equipment failures in terms of time and cost can be mitigated.  
 
 
Keywords: Availability; Data stream mining; Data stream management system; 
Industrial systems; Grid-based classifier 
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1. Introduction 
Industrial companies seek to manufacture products of high quality. High quality can  be 
achieved by increasing the reliability, the maintainability and thus the availability of a 
product [1]. Understanding and improving the maintenance phase of the lifecycle of a 
product is therefore crucial for achieving the goal of high reliability, maintainability and 
availability. Usually, maintenance tasks are aimed at minimizing failures of industrial 
plant, machinery and equipment and the consequences of such failures [2]. In this paper 
we define failures as having faults, interruptions, or stops in a system. Failures are 
represented in a data by having a deviation in one or more variable. The most common 
way to detect, predict and avoid failures is to collect and analyze the information 
produced during the time of operation and maintenance. However, recent advances in 
technology (hardware and software) have enabled us to collect data from different sources 
at high generating rates i.e., streams of data. As a consequence, the development of 
automated analysis techniques and data stream management systems (DSMS) is 
necessary [3]. Therefore, this paper aims to: 
 
Investigate how to increase the reliability and maintainability and thus the availability of 
industrial systems by studying data stream mining and data stream management systems. 
 
We will examine how the data stream mining algorithms can be utilized to monitor the 
status of the machine. The research method consists of a review of data stream mining 
techniques, a review of data stream mining applications in the field of operation and 
maintenance, and a real case study. In addition, we will propose a new method i.e., a 
grid-based classification method. The research presented in this paper has been carried 
out in collaboration with the Swedish company Hägglunds Drives AB [4], a manufacturer 
of low-speed, high-torque hydraulic drive systems. Figure 1 shows an example of a 
hydraulic motor system from Hägglunds Drives AB.  
 

 
Figure 1. Hägglunds Drive AB hydraulic motor system 
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To monitor Hägglunds Drive AB hydraulic motors a number of sensors were installed to 
collect information on motor status during operation. The information concerned 
parameters such as temperature, speed and pressure.  
 
A database management system (DBMS) is used to manage and control data stored in a 
database [3]. However, as the volume of the collected data has become so large (Exabyte) 
and the generating rates have increased, the DBMS is unable to handle the data. 
Therefore, a data stream management system may be used to manage the data stream. In 
addition, DSMS can be used together with data stream mining to analyze the data. 
 
Data mining is a useful tool for analyzing data stored in a database. Data mining is part of 
the Knowledge Discovery in Databases (KDD) process; its role is to extract patterns from 
data. Nevertheless, due to their low speed, the data mining algorithms are not able to 
handle the data on the fly. Thus, in recent years, new algorithms have been created and 
some of the data mining algorithms have been modified to handle the data stream. These 
new and modified  data stream mining algorithms can be classified in four categories: 
Clustering, Classification, Frequency counting, and Time series analysis [5]. 
 
Data mining has been applied in different fields and its applications have attracted many 
companies, industries and governments. Manufacturing engineering is one field in which 
data mining has been applied successfully. Manufacturing systems, decision support 
systems, shop floor control and layout, fault detection, quality improvement, maintenance 
and customer relationship management are examples of data mining applications in 
manufacturing [6]. However, further studies are needed to investigate the application of 
data stream mining in monitoring with the aim of improving product availability. 
 
A new method (grid-based classifier) and selected algorithms (one-class support vector 
machines (OCSVM) and polygon-based classifier), which were applied on the reviewed 
applications [7] and [8], respectively, have been tested on the data collected from 
Hägglunds Drives AB hydraulic motor system is reported in this paper. The result, 
presented in section 5, TABLE 1, shows that the algorithms achieved good performance 
(up to 98%) in detecting the failures. The grid-based method developed in the research 
leading up to this publication is explained further in section 4. 
 
This paper is organized as follows: section 2 presents the research method of our work. 
Section 3 discusses the data stream issues and includes the review of data stream mining 
algorithms and their applications. Section 4 presents our proposed classification method. 
Section 5 presents and discusses the results of the applied algorithms. Finally, section 6 
presents the main conclusions and future work.  
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2. Research method  
Through literature review we studied the issues of data stream mining and data stream 
management systems. We reviewed the data stream mining algorithms and their 
applications in the field of operation and maintenance. The literature review has been 
conducted utilizing several databases, focusing mainly on IEEE along with technical 
reports and literature published on the World Wide Web. The search included the 
following keywords: data stream mining, data stream mining algorithm, data stream 
management system, reliability, maintainability, availability, condition monitoring and 
machine health monitoring. The review is presented in section 3. 
 
After the literature review we studied the algorithms which were used in the reviewed 
applications and selected the algorithms which are suitable for our application. 
Thereafter, selected algorithms and the proposed approach have been tested on the data 
collected from Hägglunds Drives AB hydraulic motor system.  
 
The architecture of our fault detection system is illustrated in Figure 2 below. The first 
step is to train the algorithms offline using the training data to produce the fault detection 
functions. Once we finished the training stage, we brought the functions online. The 
DSMS is responsible for controlling and managing the generated data stream, we used 
the SuperComputer Stream Query processor (SCSQ) [9] as a DSMS. If the function 
output indicates a failure occurrence, then the alarm is activated. The algorithms will be 
retrained offline using the new incoming data. 
 

 
Figure 2. The architecture of the fault detection system 
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 To test this fault detection system we stored the collected data on a PC and then used a 
DSMS to stream the data to another PC, where the algorithms (fault detection function) 
are implemented. We used SCSQ data stream management system to stream, control, and 
manage the data. SCSQ was developed at Uppsala DataBase Laboratory (UDBL) [10]. 
The SCSQ is currently considered the world’s fastest data stream management system 
(DSMS), since it has achieved the best score thus far for the Linear Road Benchmark 
[11]. The fault detection function was implemented using Amos II (Active Mediator 
Object System) query language (AmosQL) [12]. Offline algorithm training and figures 3, 
5, 6 and 7 were done and produced using Matlab. The next subsections discuss the data 
set and the algorithms which will be used for fault detection. 
 
2.1 The data set 
Data were collected at three different motor speeds from motors in the Hägglunds Drives 
AB laboratrory. The collected data did not have any failure sample. The data contain 
11,153 data points which correspond to a 22 variables; i.e. 11153×22. The data was 
divided into two groups, the first of which was used to train the algorithms, i.e., training 
data, and represented approximatly10% of the data (1118 data points). Usually one uses 
40% or more of the data points for training and the rest for testing. However, if we are 
able to get good result using fewer data points for training that will give two advantages: 
1) we don’t need large storage capacity to save all the data i.e. a summary of the data is 
enough. 2) The algorithm training time will be less. Having tried different percentages, 
the authors came to the conclusion that in this particular case using 10% data points for 
training yielded acceptable result in terms of classification accuracy and training time. 
The second group was used for the testing purposes, i.e., testing data, and represented 
around 90% of the data (10,035 data points). In addition, we created some artificial 
abnormal data to examine the algorithms, since no failures were present initially in the 
collected data. The abnormal data simulate two failures which are represented by 68 data 
points (68×22) for the three different motor speeds. Note that other faulty cases exist, 
based on the number of variables and possible machine errors. However, the other errors 
can not be simulated since the available data does not support it i.e. we did not have 
access to enough data to simulate other possible faulty cases.  
 
The distribution of and comparison between the abnormal and normal cases of the data 
are presented in Figure 3 below. The two variables which are reported in Figure 3 have 
been modified with artificial abnormal data based on interviews with experienced 
engineers and researchers working in close collaboration with Hägglunds Drives AB. 
(The artificial data represents possible errors which may occur in the hardware.) 
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Figure 3. The distribution between abnormal and normal cases 

 
2.2 The applied algorithms for fault detection 
Our problem is a one-class classification, since the data refer only to the normal behavior; 
i.e., the machine works without any problem. The created artificial failures were used 
only for examining the algorithms, not for training. Therefore, the two one-class 
classification methods, which were used by H. Kargupta (polygon-based method) [8] and 
B. Matthews (OCSVM) [7], and the proposed grid-based classifier, which is described in 
section 4, were selected to be tested on our data. 
 
3. Data stream issues 
Data stream involves two important issues: data stream management and data stream 
mining. While data stream management concerns either the building of aggregated 
historical data from the input stream or alarming on some conditions, the data stream 
mining concerns application of the data mining algorithm to either the whole or part of 
the data stream [3]. In the following subsections both terms are discussed in more detail. 
 
3.1 Data stream management systems  
As identified in the popular magazine The Economist, [13] the quantity of generated data 
and the available storage are continuously increasing. However, the rate of growth of the 
generated data is faster than that of the available storage capacity. This overload has 
compelled researchers to find systems and tools that can handle data on the fly without 
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the need to store it. Data stream management system has been found to be an effective 
means of handling continuously generated data. 
 
Data stream management system can be defined as an extension of a database 
management system which has the ability to deal with a data stream. A DSMS has the 
same structure as a DBMS (i.e., table in a relational database), but a data stream has no 
associated disk storage; it arrives continuously, its arrival rate may vary from time to 
time, and the missed data may be lost. In order to handle the stream data a special query 
language, which is compatible with the structure of the DSMS, has to be defined. These 
queries are applied continuously and permanently on the data stream, producing a new 
stream or updating a permanent table [3]. 
 
A DSMS faces a number of challenges which must be considered during its design. It 
should have an optimized execution plan that enables it to deal with the varying arrival 
rates of the data stream, works with limited memory, and allows memory sharing 
between the different queries. SCSQ, STREAM [14], TelegraphCQ [15], and Aurora-
Medusa-Borealis [16] are examples of general-purpose DSMSs,  that can be used for 
more than one purpose or application. On the other hand, Gigascope [17] and Hancock 
[18] are examples of specialized, application-based, DSMSs. They were designed for 
network monitoring and analysis of telecommunications [3].  
 
3.2 Data stream mining 
Data stream mining can be defined as the extraction of patterns from continuous and 
rapidly arriving streams of data [5, 19]. In this case, the data cannot be stored and must be 
manipulated immediately. Therefore, the data mining algorithm has to be sufficiently fast 
to handle the fast rate of arriving data. 
 
Data mining algorithms can be applied either on the whole or on a part (window) of the 
stream. Thus, the algorithms differ according to the type of the window. According to [3] 
there are three types of windows: 1) Whole stream: the algorithm has to be incremental 
e.g., artificial neural network and incremental decision tree. 2) Sliding window: the 
algorithm has to be incremental and also it must have the ability to forget the past e.g., 
incremental principal component analysis. 3) Any past portion of the stream: the 
algorithm has to be incremental and able to keep a summary of the past in a limited 
memory e.g., Clustream algorithm. 
 
In the next subsections we will review the data stream mining algorithms and their 
applications in the field of maintenance and operation.  
 
3.2.1 Data stream mining algorithms review  
In this section, data stream mining systems and techniques are reviwed. We classify the 
existing algorithms into four categories: Clustering, Classification, Frequency counting 
and Time series analysis. This work is based on a continuation of the review done in 
2005 by Gaber et al. [5]. The literature review is conducted utilizing several databases, 
with a main focus on IEEE, along with technical reports and literature published on the 
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World Wide Web. The next subsections summarize these algorithms according to their 
categories: clustering, classification, frequency counting and time series analysis. 
 

 Clustering 
Clustering is unsupervised learning, where we categorize a given data into subsets so that 
each subset represents a cluster which has distinctive properties. Clustering algorithms 
have been applied in different engineering applications such as manufacturing system 
design, quality assurance and production processes [20]. The summary of the data stream 
clustering techniques review can be found in Appendix A, Table 1.  
 

 Classification 
Classification is supervised learning, where we group the data into classes based on 
labeled training data set. Fault detection, fault diagnostics and decision making are 
examples of engineering applications in which the classification techniques can be used 
[6]. The review of the data stream classification techniques is summarized in Appendix 
A, Table 2.   
 

 Frequency counting 
Frequency counting aims to find the most interesting relations between variables. Product 
design improvement and shop floor control and layout are examples of frequency 
counting applications in the manufacturing field [6]. Table 3 in Appendix A summarizes 
the frequency counting techniques found in this review. 
 

 Time Series Analysis 
Time series is a sequence of data points taken sequentially in time and the adjacent data 
points are dependent. The analysis of these dependences concerns time series analysis 
and its techniques [21]. Controller tuning is an example of a time series analysis 
application in the engineering field [22]. A review of these techniques is presented in 
Appendix A, Table 4. 
 
3.2.2 Applications of data stream mining in the field of operation and maintenance  
Data stream mining algorithms have been applied in different fields such as financial 
transactions, sensor network measurements, telecommunication networks, manufacturing 
systems and scientific data monitoring systems [23]. The maintenance phase of the 
lifecycle processes of a product is concerned with how the system is operated, used and 
maintained. Usually, maintenance tasks are aimed at minimizing the failure of industrial 
plant, machinery and equipment and the consequences of such failure [2]. In this section 
the applications of data streaming mining in the field of operation and maintenance are 
reviewed. The following list summarizes the applications found in this review: 
 

 Machine monitoring and reliability analysis [19, 24].  
 Online failure prediction [25]. 
 Mobile and distributed data stream mining for vehicle-health monitoring [8] [26]. 
 Anomaly detection from solid rocket motor data [7]. 
 Fault detection in industrial measurement [27]. 
 Tool condition monitoring [28]. 
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The description and the methods used in these applications are reported in the bullet list 
below (page 8-11):  
 

 Machine monitoring and reliability analysis 
A framework for the use of multivariate statistical process monitoring technique and data 
stream mining techniques to detect the change in the sensor data stream was proposed by 
Karacal. [19, 24]. The vibration, noise, current and temperature in the motors for the 
CNC machine were suggested as the sensor channels targeted. In addition to these stream 
data, some of the processing parameters were suggested for cross referencing. Examples 
of such processing parameters are: feed rate, rpm, cutting tool, geometry and material 
properties of the work piece. It is suggested that the data be collected at different 
sampling rates under normal and distinctive processing conditions. The collected data 
will be then used for referencing and validating simulated data. Also, the authors 
suggested imitating different breakdown scenarios. After that, the empirical reference 
streams along with the breakdown scenarios are used as an input for generating simulated 
test streams. They proposed a tilted time window based on seconds, minutes and hours. 
The algorithm will shift between these different time windows depending on the most 
recent shift detection results. This model will allow use of both the most recent and the 
historical data, which will make the data stream mining more effective A number of 
methods for detecting the failure of a machine at early stage were suggested: 
 

 Scaled-up MEWMA (multivariate exponentially weighted moving average). 
 The regression adjustment method. 
 Principal component method. 

 
Once the shift is detected a clustering method is applied to see which micro-cluster the 
shift belongs to. To detect patterns on individual sensors, using the dynamic window 
frame, a pattern recognition algorithm is applied. Nonparametric correlation can be 
utilized to explore the nonlinear relations between the streams before sensor fusion. The 
dynamic weight hierarchy was suggested for sensor fusion. The sensor fusion will give 
the global status of the machine at a given time. After the sensor fusion a classification 
routine is applied to predict the remaining machine life. Finally, the frequency of correct 
estimates and the average degree of deviation from the true values will be combined to 
measure the performance [24]. 
 

 Online failure prediction 
A design of multivariate statistical analysis technique for online failure prediction was 
developed and tested by Youree et al. [25]. The system was designed for monitoring the 
health of mission equipment, industrial equipment and facilities. In this process, 
similarity test and trend determination are the two stages through which the input data 
passes. Once the sensor data arrive, a feature extraction algorithm is applied, and then the 
extracted features are compared statistically with the feature patterns which are 
considered to be representative of the nominal operating condition for equipment. The 
nominal operating conditions for equipment can be obtained either from equipment 
specification or from a sensor-based data stream. The trend determination stage will be 
activated if a specific threshold is exceeded at the similarity test stage. The result of the 
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trend stage is used to determine the status of the machine and the required maintenance 
actions. For statistical similarity test, which depends on the dimension of the data stream, 
Youree et al. [25] have suggested the following tests: 
 

 Kolmogorvo-Smirnov(KS) test, for single dimensional data stream. 
 Hotelling’s T-square test, for multidimensional data stream. 

 
To perform the trending Youree et al. [25] have used a combination of several tests to 
determine the best trend from a group of a given trends. These tests are: 
 

 Residual Noise. 
 Sum of squares due to Error. 
 Degree-of-Freedom Adjusted R-Square. 
 Confidence Bounds for the Coefficients. 
 Slope of the Fitted Curve. 

 
Finally, they used a Bayes risk criterion to select the state which results in minimum 
expected cost. 
 
A multivariate similarity-based modeling (SBM) technique for machine health 
monitoring (detecting incipient faults in an H-60 intermediate gearbox (IGB)) using 
vibration data was discussed by S. Wegerich [29], who  used this technique due to its 
scalability, flexibility and usability in condition monitoring, and it has been successfully 
applied in different condition monitoring applications. He used two steps to monitor the 
gearbox status: First step, feature extraction from the input raw data. Second step, apply 
the SBM to the extracted features to produce estimates and residuals. The input data 
contains the vibration component of each individual tooth in the gear. The residual 
signatures, which are generated in the second step, together with a classifier or logical 
rules, were used to diagnose the faults. Wegerich assessed his approach on two seeded 
fault test cases; the results showed that SBM is able to detect the faults early and to 
monitor the machine health of the gearbox. In addition, the residual signatures simplified 
the fault diagnostics. 
 

   Mobile and distributed data stream mining for vehicle-health monitoring 
 Mobile and distributed data stream mining systems were used in [8] for realtime vehicle-
health monitoring. In this work they developed the VEhicle DAta Stream mining 
(VEDAS) system, which is used to monitor the vehicle data streams and driver 
characterization. VEDAS used an on-board PDA-based distributed data stream mining 
system connected with remote modules through wireless network to monitor vehicle 
fleets. 
 
VEDAS software has the following components: 1. interfacing with the on-board data 
bus, 2. on-board data stream management and mining, 3. central control station module, 
and 4. a privacy management module. In order to monitor the vehicle health, the clusters 
which represent good conditions for the desired performance of the vehicle were 
generated. Then, these clusters were used to determine the healthy operation regimes 
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which are subsequently used to monitor the new data. Once the new data arrive the on-
board data stream mining module checks whether the data fall into the safe operating 
regimes or not. If so, that indicates that the vehicle is in good condition; otherwise, the 
vehicle is not in the normal mode. The implementation of this process was done by using 
the incremental principal component analysis (which uses the matrix perturbation theory 
to detect large changes) for data projection, the incremental k-means clustering algorithm 
for separating the data into k safe regimes, and the Delaunay Triangulation based 
polygonization approach to calculate the polygon which represents the clusters [8]. Test 
reports of applying this approach on the collected data from Hägglunds Drives are given 
in section 5.     
 
MineFleet and fast resource constrained monitoring of correlation matrices were used by 
[26] for on-board vehicle data stream monitoring. The work has the same general 
structure as in [8] but with some modifications to the applied algorithms. They used a 
probabilistic test to quickly detect the change in the correlation matrix and to determine 
the portions of the matrix which contain the significant coefficients. 
 

 Anomaly detection from solid rocket motor data 
A number of data-driven anomaly detection methods were applied on continuous data 
stream from a solid rocket motor in [7]. Orca, one-class support vector machines 
(OCSVM) and Inductive Monitoring System (IMS) were the three methods used for the 
anomaly detection, and their performances were compared. Three ground firing tests of a 
10-inch solid rocket motor TD-31 were used to obtain the data. A total of 25 sensors, 
which corresponds to the three main factors: pressure, temperature and strain, were used 
in this work. While a 2000 Hz sampling rate was used for the pressure sensors, a 
sampling rate of 250 Hz was used for the strain and the temperature. Since the indication 
of a failure can be observed within the first second after ignition, the implemented 
algorithm attempted to detect the O-ring fault within the first second. Due to the 
differences in the sampling rates between the different factors, the algorithms were tested 
on each factor separately. The results showed good performance for the suggested 
methods in detecting faults by either directly detecting the O-ring failure or indirectly i.e., 
a drop in pressure indicates a growing in a hole. The algorithms achieved the best 
performance in early fault detection when strain sensors were used as inputs for the 
algorithms. The best time result was achieved by the OCSVM method. Test reports of 
applying this algorithm on the collected data from Hägglunds Drives are given in section 
5. However, all three methods (Orca, IMS, OCSVM) were able to be used in detecting 
failures before the critical failure point. 
 

 Fault detection in industrial measurement 
A model-based approach to detect the faults in the industrial application is proposed in 
[27]. The proposed approach, which was built using data-driven and hybrid approaches, 
was tested and verified on both simulated and real data sets from car engine test benches. 
The result showed that the method was capable of detecting the fault effectively in 
industrial measurement and it also outperformed the conventional correlation- and 
regression-based models [27]. 
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 Tool condition monitoring 
A sensor stream mining system for tool condition monitoring was developed by C. 
Karacal et al. [28]. They used chemical data from the gases released during the cutting 
process to monitor the cutting tool condition. They proposed a system of two stages 
through which the stream data will pass for the monitoring purpose: 1) Dimension 
reduction stage, 2) classifier stage. They suggested using PCA to compress the data from 
high dimension to a small dimension space. In the second stage they use a binary support 
vector machine as a classifier. Since the SVM is computationally expensive, they 
suggested training the classifier, using collected data, before the system is brought online. 
 
3.2.3 Applications review result 
The review showed that there are some applications where the data stream mining was 
applied successfully. In addition, several frameworks were suggested for the monitoring 
purpose. However, since the application of data stream mining in manufacturing is still at 
the early stage, most of the reviewed data stream mining algorithms were not applied in 
the field of operation and maintenance. Moreover, there is a need to compare the 
performance of the different algorithms in the different applications. 
 
As discussed in section 2, the problem is a one-class classification, since the data which 
we have represent only the normal behavior. Therefore, the two one-class classification 
methods, which were used by H. Kargupta (polygon-based method) [8] and B. Matthews 
(OCSVM) [7], have been selected to be tested on our data. 
 
In section 4, below, we will describe the proposed grid-based classification method, and 
in section 5 we compare our method to the polygon-based and OCSVM methods. 
 
4. The Grid-based classification method 
According to S. Saini and S. Dua [30] even though there are some techniques which are 
closely related to grid-based classifier such as [31], there is no approach which can be 
purely classified as a grid-based classifier.  S. Saini and S. Dua [30] suggested a grid-
based scalable classifier which can be used for large and high dimensional datasets. The 
training phase of their algorithm consists of three steps: grid generation, class mapping 
and class boundary detection. 
 
Our grid-based classification uses a grid to partition the data space into small elements. 
The elements can have different shapes such as squares, rectangles and triangles. Each 
element keeps information regarding the training data points i.e., the data which we 
normally use to train an algorithm. In this case, information refers to how many training 
data points belong to every class. A new data point is classified according to its 
corresponding element information, not depending on the whole body of data, which 
makes the classification process faster. The flow chart for the grid-based methods is 
illustrated in Figure 4 below. 
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Figure 4. Grid-based classification method architecture 
 
 Our approach consists of two stages: 1) data mapping, 2) data classification. In the first 
stage the training data are mapped from high dimensional into two-dimensions (2D). The 
data space is then partitioned by a uniform grid, as in Figure 5. After that, we count and 
save the number of the data points, which belong to every class, for each element in the 
grid. For elements which do not have any of the classes, we set the number for these 
classes in these elements at zero. For example, in Figure 5, if we consider element 
number five, then we set the count for class1 to 1 (has one point which corresponds to 
class1) and 9 for class2 (has nine points correspond to class2) while for element number 
seven we set the count for class1 to 0 (has no points which corresponds to class1) and 0 
for class2 (has no points correspond to class2). In the data classification stage, we classify 
a new data point depending on the probability of a class in the element which the new 
data point, after mapping in 2D, corresponds to. For example, if a new data point maps in 
the area of element 1 then the probability that the data point belongs to class1 is 20% 
(3/15, number of data points which belong to class1 in element 1 divided by the total 
number of data points in element 1) and to class2 80% (12/15). Therefore, the new data 
point will be classified as class2. Note that one could have the output as a list of all the 
available classes and their probabilities.     
 
The grid-based classification can be modified to be incremental by continuously updating 
the element information whenever a new data point is received.  So, when we confirm the 
class to which a new data point belongs, we increase the number of that class in the 
corresponding element. In case of a new class appearing, we add this class to all elements 
and count and save the number of data points which belong to this class in each element 
in the grid.  
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Figure 5. A grid with 20 elements (squares), the number in the corner of every square (element) 

corresponds to the element number 
 
Grid-based classification can be also modified to deal with one class problem by counting 
the number of training data points in each element in the grid (in this case, we count for 
the class which we have). Then we classify a new data point by:  
 
1) Calculating the probability that a new data point belongs to the class which we have. 
The probability is computed by dividing the number of data points in the corresponding 
element by the maximum number of data points which an element, in the grid, has. For 
example, if we assume that Class1 in Figure 5 is the only class that we have, then, 
element number 15 has the maximum number of data points which equal to 8. So, if we 
get a new data point mapped in element 11, then the probability that the new data point 
belongs to the class in hand is 62.5% (5/8) and the probability to have it in element 
number 5 is 12.5% (1/8). 
 
2) Comparing the number of the data points in the corresponding element to a pre- 
specified threshold. If it is more than the threshold, then it belongs to the class which we 
have.  For example, if we specify the threshold to be 2, then all the new data points which 
will be mapped in elements 1, 11, 12, 15, 16, and 20 will be classified as Class1. 
 
The limitation of this method is that it is based on the first two principal components. To 
evaluate the limitation, a test is needed to check if the first two components are sufficient 
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to cover the data set information. Scree plots may for example be used to find how many 
components should be retained. In the next section we test our algorithm and compare it 
to the polygon-based and OCSVM methods. 
 
5. Results 
In this section we discuss the results from testing all three algorithms: polygon-based, 
OCSVM and grid-based classification methods. For the OCSVM we used the Radial 
Basis Function (RBF) as a kernel. As we discussed in section 2, we traind the OCSVM 
algorithm offline and then brought the resulted fuction online. Figure 6 shows the 
resultant polygons which represent the safe areas using the polygon-based method (blue 
dots represent the normal behavior, while the red circles represent the failures). These 
polygons were constructed by mapping the training data, which represent the normal 
behavior, into 2 dimensions, then find the clusters, and finally construct the polygon for 
every cluster. The resultant three clusters are due to the three different speeds at which 
the hydrolic motor operates. 
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Figure 6. Polygons represent safe areas 

 
For the grid-based method we used a triangle grid, as in Figure 7, and we used the 
threshold which achieves the highest classification accuracy. By trying different numbers 
we selected the value 7 as a threshold. Thereafter, the three trained algorithms were tested 
on the streamed data. The result of the test is presented in Table 1. 
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Figure 7. Grid-based method, the total number of normal and abnormal data are 1118 and 68 

respectively  
 
Table 1. Classification accuracy for polygon-based, OCSVM and grid based algorithms and their 
speed 

Method Classification 
accuracy 

(Normal data)

Classification 
accuracy 

(Abnormal data) 

Classification 
accuracy 
(Overall) 

Processing 
time for one 
data point(s) 

Polygons-based 96.02% 92.54% 95.99% 0.02 
OCSVM 98.40% 98.53% 98.40% 0.00026 

Grid-based 96.82% 83.82% 96.73% 0.035 
 
Table.1 shows that the best classification accuracy is achieved by the OCSVM method. It 
achieved the highest classification accuracy for both normal and abnormal data with 
98.4% and 98.53% correctness, respectively, and thus for overall (normal + abnormal) 
with 98.4%. In addition, it has the highest speed by spending only 0.00026 seconds to 
process one data point; i.e., it can handle around 3846 data points per second. On the 
other hand, while the polygon-based method outperforms the grid-based method in 
classifying abnormal data and algorithm speed (processing time per data point), the grid-
based method outperforms the polygon-based method in classifying normal data and also 
in overall classification accuracy.  
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The OCSVM algorithm outperforms the polygon-based and grid-based methods because 
it maps the data into a higher dimension and then find the decision boundary (a hyper-
plane), while the other two methods map the data from high dimension to a lower 
dimension, which could cause information lost. 
 
The grid-based method is a bit slower than the polygons-based method, since the grid-
based method has to find the element to which a data point corresponds before the 
classification process starts, while for the polygon-based method the search, itself, is the 
classification process. For instance, the polygon-based method required only finding 
whether a data point is in 3 areas (which can be considered as 3 elements) or not, while 
the grid-based method needs to search more than 3 elements before the classification 
process begins. On the other hand, even the training process for the OCSVM is 
computationally expensive; the resultant function can be used to classify new data very 
quickly, since the function depends only on the support vectors.  
 
The weakness of the tests as such is that there is only one data set tested. Thus, the results 
lack some generality. To address this issue, the authors used three parts of the data set 
which correspond to three different motor speeds and took their average.  One limit of the 
test is that using only one case (as has been done here) always includes the potential 
danger that it produces clearly poorer or better results than that it would be on average, 
by using several data sets to represent "generality" more reliably. 
 
6. Conclusions 
High product availability is of great interest in industrial companies. Monitoring and 
analyzing the data, from different kinds of sensors used during the product lifecycle, can 
improve the availability by detecting, predicting, and avoiding the faults at an early stage. 
There is a need to handle the data in real time, since the generated data volume exceeds 
the available storage capacity. Data stream management systems and data stream mining 
algorithms are effective tools for searching and analyzing a high-volume data stream. 
 
We have reviewed the data stream mining algorithms and monitoring applications. We 
found that the application of data stream mining for monitoring purposes is still in the 
early stages, and most of the data stream mining algorithms have not been applied in 
industrial applications. However, some research describes the application of data stream 
mining in the field of operation and maintenance such as: machine monitoring and 
reliability analysis, online failure prediction, mobile and distributed data stream mining 
for vehicle-health monitoring, anomaly detection from solid rocket motor data, fault 
detection in industrial measurement, and tool condition monitoring. 
 
A new method (Grid-based classifier) was proposed and validated. We compared the 
proposed method to the OCSVM and the polygon-based classifier by testing them on the 
data collected from Hägglunds Drives AB hydraulic motor system data. We found that 
the OCSVM outperformed the grid-based and the polygon-based methods in both 
classification accuracy and execution time. However, all three methods achieved good 
(>95% correct) overall classification accuracy. In addition, all the methods can be applied 
on both offline and online data. 



 
18

The main advantages of the grid-based classification method are that it allows for 
calculation of the probability (%) that a data point belongs to a specific class, and the 
method can be easily modified to be incremental or used for one-class classification 
problems. Further work is needed to determine how to optimize the design of the grid i.e., 
element shape and element dimensions.  
  
The results achieved by the OCSVM method are promising. Its high classification 
accuracy can be utilized to detect failures at an early stage, and thus increase the 
maintainability and, ultimately, the availability of the product. However, the OCSVM 
method needs to be further validated by being applied on data containing actual measured 
failures. Also, since the normal behavior of a machine can change over time (concept 
drift), the algorithm needs to be retrained periodically (or retrained according to a data 
analysis method) or modified to be incremental. 
 
It is necessary to study the cost when an algorithm output is not correct i.e., issues an 
alarm when there is no failure or there is a failure with no alarm. Future work also 
includes studying the frequency of the different failures, their costs and the time needed 
to fix them. In addition, further optimization of the algorithms is needed to see if it is 
possible to speed up the implementation of the algorithms.     
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Appendix A 
 
Table 1. Clustering techniques summary 
Clustering Technique Brief Description References 

K-median technique Uses single pass over data [34] 
K-median combined 
with Exponential 
histogram (EH) 

Improve the above technique [34] (they 
addressed the problem of merging clusters) 

[35] 

Improved k-median 
algorithm  

Overcome the problem of increasing 
approximation factors in [34].  

[36] 

VFKM Very fast k-means (scaled up machine 
learning algorithm applied on k-means) 

[37] 

Incremental k-means 
algorithm 

An improved version of k-means used for 
clustering binary data stream 

[38] 

STREAM and 
LOCALSEARCH 
algorithms 

Used to cluster high quality data stream 
clustering. 

[39] 

CluStream algorithm A frame work for clustering data stream. 
Used incremental algorithm and keep a 
summary of the past. 

[40] 

HPStream Used for high dimensional data stream 
clustering. Outperforms the CluStream. 

[41] 

Technique based on K-
motif 

Produce meaningful results in subsequence 
clustering. 

[42] 

LWC Lightweight Clustering. It based on 
Algorithm Output Granularity (AOG).   

[43] 

DenStream A density-based data streams clustering 
algorithm over damped windows. 

[44] 

AcluStream based on the density and space [29] 
D-Stream Density and grid based algorithm, adopts 

two-phased clustering framework. 
[45] 

SOStream Clusters high dimensional data Streams (the 
data space is partitioned into grids) 

[46] 

EStream Evolution-based technique, it uses a distance 
function to test the similarity between two 
objects 

[47] 

SWClustering It combines the exponential histogram with 
the temporal cluster features, and uses the 
EHCF data structure. 

[48] 

SUBFCM Subtractive Fuzzy Cluster Means (an energy 
efficient algorithm) 

[49] 

Weighted fuzzy 
algorithm 

An extension to Fuzzy c-means (FCM) [50] 

MovStream Based on the measurement of the 
movements 

[51] 

DD-Stream A Grid and Density-based Clustering [52] 
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Algorithm 
HDenStream A density based algorithm for clustering 

data stream with heterogeneous features 
[53] 

SPDStream Subspace partition clustering based on 
CDTree lattice structure  

[54] 

SDStream Density-based algorithm which adopts the 
CluStream clustering framework  

[55] 

 
Table 2. Classification techniques summary 
Classification Technique Brief Description References

GEMM and FOCUS For data mining model maintenance 
and change detection (under block 
evolution). 

[56] 

VFDT Very Fast Decision Tree. Decision tree 
based on Hoeffding trees. 

[57] 

CVFDT Concept drifting Very Fast Decision 
Tree learner (extension to VFDT) 

[58] 

OLIN On Line Information Network [59] 
AWSOM Arbitrary Window Stream mOdeling 

Method. Used to find interesting 
pattern discovery 

[60] 

On-Demand classification Classify data using the clustering result [61] 
Decision tree classification on 
spatial data streams 

Fast building algorithm based on Peano 
count tree (P-tree) structure 

[62] 

LWClass Lightweight Classification. It based on 
Algorithm Output Granularity (AOG).   

[43] 

LELC PU Learning by Extracting Likely 
positive and  negative micro-Clusters 

[63] 

Dynamic incremental SVM 
learning 

The most appropriate classifier is 
selected according to the statistical 
performance  

[64] 

EVFDT Efficient-VFDT, based on Uneven 
Interval Numerical Pruning(UINP) and 
naïve Bayes 

[65] 

Clustering-training A semisupervised learning algorithm 
for unlabeled data stream mining  

[66] 

HashCVFDT On top of CVFDT, based on extended 
Hash table and list  

[67] 

VFDTb On top of VFDT, based on binary 
search trees 

[68] 

Active learning method  Mine time-changing data streams, can 
be used for unlabeled data 

[69] 

Basic incremental IFN 
Multi-model IFN 
Pure multi-model IFN 
Advanced incremental IFN 

Algorithms based on Info-Fuzzy 
Network (IFN) which is an advanced 
decision-tree learning methodology  

[70] 
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Table 3. Frequency counting techniques summary 
Frequency Counting Technique Description References

Frequent itemsets mining 
algorithm 

Uses the tilted windows to calculate the 
frequent patterns for the most recent 
transactions. 

[71] 

Approximate frequency 
counts in data stream 

Uses all the previous historical data [72] 

Counting frequent items 
using group testing 

Used with the turnstile data stream [73] 

 
LWF 

Lightweight frequency counting. It 
based on Algorithm Output Granularity 
(AOG).   

[43] 

MISM Mining Frequent Item sets over data 
Streams by Matrix 

[74] 

DSM-MFI based on the Lossy Counting 
Algorithm 

[75] 

FpMax An algorithm based on FP-tree, uses 
MFI-tree to store maximal frequent 
itemsets. 

[76] 

THUI-Mine mining temporal high utility itemsets 
from data streams 

[77] 

Exclusive Incremental  An efficient technique for 
incrementally mining contrast patterns 

[78] 

CP-tree Work same as FP-growth algorithm but 
with only one scan instead of two 

[79] 

estAcc The count is monitored by a 
lexicographic tree resided in main 
memory. There is no candidate 
generation process. 

[80] 

IDSM-MFI uses a synopsis data structure to store 
the items of transactions embedded 
data streams so far 

[81] 

MRFI-SW Mining Recent Frequent Itemsets by 
Sliding Window (each items is denoted 
a bit-sequence representations) 

[82] 

MFS-HT Mining frequent itemsets based on D-
Hashed Table 

[83] 

MFI-TD Mine maximal frequent itemsets based 
on time decay model 

[84] 

HCFI based on Hash-based Closed Itemsets 
Monolayer tree(HCI-Mtree) for mining 
Closed Frequent Itemsets 

[85] 

UF-streaming 
SUF-growth 
 
 

Tree-based algorithms for mining 
uncertain data stream 

[86] 

STAGGER Incremental algorithm for mining [87] 
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patterns using expanding sliding 
window 

CPS-tree Compact Pattern Stream tree, based on 
FP-growth mining technique 

[88] 

 
 
Table 4. Time series analysis techniques summary 
Time Series Analysis 
Technique 

Description References

Approximate solutions with 
probabilistic error bounding 

Used to solve the problems of relaxed 
periods and average trend. 

[89] 

Mining astronomical time 
series streams technique 

Uses two phases: one for clustering and 
the other for association rule discovery. 

[90] 

StatStream Uses discrete fourier transform [91] 
Technique based on the 
symbolic representation of 
time series data stream 

Includes two transformation: from time 
series data to Piecewise Aggregate 
Approximation(PAA) then from PAA 
to  discrete string symbols 

[92] 

Regression cubes for data 
stream 

Uses multidimensional regression 
analysis 

[93] 

Generic event detection 
approach 

 For batch and online incremental 
processing of time series data.   

[94] 

SPRING Streaming method for subsequence 
matching in data streams 

[95] 

ASM Accurate Subsequence Matching, 
based on SPRING algorithm 

[96] 

ARES Adaptive Radius-based Search, 
efficient similarity join over multiple 
stream time series 

[97] 

ODAC Online Divisive Agglomerative 
Clustering. a clustering system for 
streaming time series 

[98] 

FSM Fast Subsequence Matching algorithm, 
3 times faster than SPRING algorithm 

[99] 
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Abstract  
Competition among today’s industrial companies is very high. Therefore, system 
availability plays an important role and is a critical point for most companies. Detecting 
failures at an early stage or foreseeing them before they occur is crucial for machinery 
availability. Data analysis is the most common method for machine health condition 
monitoring. In this paper we propose a fault-detection system based on data stream 
prediction, data stream mining, and data stream management system (DSMS). Companies 
that are able to predict and avoid the occurrence of failures have an advantage over their 
competitors. The literature has shown that data prediction can also reduce the 
consumption of communication resources in distributed data stream processing. 
 
In this paper different data-stream-based linear regression prediction methods have been 
tested and compared within a newly developed fault detection system. Based on the fault 
detection system, three DSM algorithms outputs are compared to each other and to real 
data. The three applied and evaluated data stream mining algorithms were: Grid-based 
classifier, polygon-based method, and one-class support vector machines (OCSVM). 
 
The results showed that the linear regression method generally achieved good 
performance in predicting short-term data. (The best achieved performance was with a 
Mean Absolute Error (MAE) around 0.4, representing prediction accuracy of 87.5%). Not 
surprisingly, results showed that the classification accuracy was reduced when using the 
predicted data. However, the fault-detection system was able to attain an acceptable 
performance of around 89% classification accuracy when using predicted data. 
 
 
Keywords: Data stream prediction; Availability; Data stream mining; Data stream 
management system; Fault detection system; Fault detection forecasting  
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1. Introduction 
Understanding and improving the maintenance phase of the lifecycle of a product is 
crucial for achieving the goal of high reliability, maintainability and thus availability [1]. 
Analyzing the data, which are produced during the time of operation and maintenance 
phase of a product, is the most common way to achieve the aims of maintenance tasks 
such as reducing failures and their consequences. 
 
Data analysis methods have passed through different stages along with the newly 
developed technologies and new requirements. Statistical exploratory data analysis, 
machine learning algorithms, distributed and parallel data mining, and data stream mining 
are examples of these stages [2]. Data stream mining, which can be defined as the 
extraction of patterns from continuous and rapidly arriving streams of data, has been 
applied in several monitoring and error detection applications [1].  
 
Alzghoul and Lofstrand [1] proposed and verified a model which can be used to increase 
the availability of industrial systems through data stream mining. They found that the 
applied algorithms were able to achieve a high classification accuracy which can be 
utilized to detect failures at an early stage, thereby increasing the reliability and thus the 
availability of the product. An improvement to this model is to have a predictor which 
can predict a failure beforehand. The main industrial motivation for the research 
presented here is that failure prediction can be helpful by triggering preventive actions 
capable of avoiding the failures or reducing their consequences.  
 
Data prediction can be applied for short-term prediction or for long-term prediction. The 
short-term predictions refer to prediction up to a minute into the future while long-term 
predictions refer to prediction beyond a minute into the future. The importance of short-
term prediction is evident when we consider the failures that can occur suddenly. An 
example of hydraulic motor failure that can be avoided by short-term prediction is 
seizure. According to Dufrane and Kannel, seizure is predicted to occur in less than 20 
seconds under some conditions e.g., insufficient lubrication [3]. Therefore, the capability 
to predict the next 10-20 seconds of data could enable the operator to prevent seizure if 
responses are sufficiently fast.  
 
1.1 Literature review  
Data prediction can reduce the communication consumption in distributed data stream 
processing [4]. This can be done by using two identical prediction models, one at the 
coordinator and the other at remote nodes. The coordinator uses the output from the 
prediction model to answer the applied queries. The remote nodes will check the 
deviation between the predicted and the actual value. If there is significant deviation, an 
update message will be sent to the coordinator [4].  
 
There are several data stream prediction algorithms. A method based on wavelet 
transform and Least Squares Support Vector Machine (LS-SVM) was proposed by [5] to 
predict the time series data stream. They used incremental algorithms for LS-SVM to 
save time. An incremental hidden markov model was used by [6] to predict data stream. 
Wakabayashi & Miura (2009) used incremental Baum-Welch algorithm for online 
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training to overcome the problem of scanning historical data many times. Guo-Hui et al. 
[7] used gene expression programming (GEP) for predicting the aggregated value over 
data streams. Also, a data stream can be considered time series data, since it has 
sequential characteristics [8]. Therefore, we can apply the time series prediction methods 
on data stream. An extensive literature review of time series forecasting was conducted 
by De Gooijer and Hyndman [9]. They provided a selective guide to the literature on time 
series forecasting by summarizing over 940 papers published during the period 1982–
2005. De Gooijer & Hyndman (2006) classified the 940 papers according to the models 
used, such as: exponential smoothing, ARIMA models, long memory models, nonlinear 
models, state space and structural models and the Kalman filter. Examples of researchers 
who have applied time series prediction methods include [10], who used Artificial Neural 
Network (ANN) for time series prediction; [11], who predicted time series using Kalman 
smoother, and [12], who proposed an adaptive association rules method to predict time 
series. 
 
The linear regression model, upon which most of the data stream prediction algorithms 
are based [13], had been used by several researchers for data stream prediction [8, 13-16]. 
For example, Meng & Zhuang proposed a linear regression model based on tendency 
correction for stream prediction [16]. To modify the prediction function parameters they 
used weighted moving average and exponential smoothing methods. Their results showed 
that using the exponential smoothing method to adjust the prediction function parameters 
achieved better results than using weighted moving average.  
 
1.2 Research aims 
In this paper the authors report the result of applying the linear regression method and the 
exponential smoothing based linear regression analysis method on data collected from a 
Hägglunds Drives AB hydraulic motor system, which is further discussed in [1]. In 
addition, a model which employs a data stream predictor to improve the functionality of 
the fault-detection system, which was proposed in [1], is proposed. The predictor is used 
to improve the possibility of detecting failures in advance, thus increase the availability 
of industrial systems. Grid-based classifier [1], polygon-based method [17], and one-class 
support vector machines (OCSVM) [18] are the three data stream mining algorithms used 
for fault detection in this paper. 
 
The results showed that the linear regression method generally achieved good 
performance in predicting short-term data (the best performance was achieved with a 
Mean Absolute Error (MAE) around 0.4, representing prediction accuracy of 87.5%). Not 
surprisingly, results showed that the classification accuracy was reduced when using the 
predicted data. However, the fault-detection system, based on the grid-based classifier 
developed by [1], was able to attain an acceptable performance of around 89% 
classification accuracy when using predicted data.  
 
This paper is organized as follows: Section 2 presents the research followed in this work. 
Section 3 presents the data set used in the different experiments. Section 4 discusses the 
applied algorithms. Section 5 presents and discusses the experiments results. Finally, 
Section 6 presents conclusions and future work.  
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2. Research method 
The research method included two steps. The first step was to identify the predictor and 
its characteristics based on the performance evaluation of the different prediction 
algorithms. The second step was to apply the fault detection algorithms, according to a 
new proposed fault detection system (see 2.2, the proposed fault detection system), on 
both the predicted data and the real data and compare their results. 
 
2.1 Identifying the predictor    
According to [19], there are three challenges in predicting data stream: the method should 
be light-weight, it should work online and it should be adaptive. Furthermore, [13] 
reported that most of the data stream prediction algorithms are based on the linear 
regression model. Since the linear regression model is both relatively fast and simple to 
implement, the authors chose to use it as a basis for the work presented here.  
 
The linear regression predictor and the Exponential Smoothing based Linear Regression 
Analysis (ES_LRA) [13] were subsequently tested on the data collected from a 
Hägglunds Drives AB hydraulic motor system (further reported in [1]. In this paper the 
authors performed different tests, varying the algorithm, number and size of the sliding 
windows, and which parts of the windows were used for training (estimation of the linear 
function parameters).  
 
Figure 1 below is used to illustrate the different methods used for testing. Figure 1 shows 
three sliding windows (w1, w2 and w3) over time. The size of the window is TL. The 
overlap size is the size of the intersection between two windows, for example T2 to T3 
and T4 to T5. The overlap size does not change over time.  Assuming that we are 
currently at time T5 and we have saved the last two windows (w1 and w2), the aim is to 
predict the data (output) from T5 to (T5+ TL) i.e., T5 to T7. 
 
 

 
Figure 1. Sliding windows over time 
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According to the previous information, the following four methods for data stream 
prediction have been defined and used: 
 
 Method1 

Method1 is based on the ES_LRA algorithm. The data between times T2 to T4 were used 
to estimate the parameters and the data between times T4 to T5 were used for adjusting 
the estimated parameters. The linear function with the adjusted parameters was used for 
prediction. 
 
 Method2 

Method2 is based on the linear regression method. The data between times T4 to T5 were 
used to estimate the parameters of the linear function which was used for prediction. 
 
 Method3 

This method is similar to the first method (Method1) but Method3 uses the data between 
times T1 to T4 to estimate the parameters. 
 
 Method4 

This method is similar to Method2, but Method4 uses the data between times T1 to T5 to 
estimate the parameters. 
 
Here, the authors use the Mean Absolute Error (MAE) to test the prediction performance 
of the different methods. The results of Method1 and Method3, which use the ES_LRA 
algorithm, depend on the value of the smoothing coefficient ( ). Different  values were 
tested for every experiment and the ones achieving the minimum MAE were selected. 
 
2.2 The proposed fault detection system 
The fault detection and prediction system proposed in this paper is based on the fault 
detection system presented previously by [1]. The system has been modified with the 
addition of a predictor. The purpose of the predictor is to predict the data stream. The 
predicted data are then applied to the fault detection function. In this case, indication (an 
alarm) of an impending failure is given earlier than the one obtained by using the system 
in [1]. This may be very helpful, especially when the failures occur within a short period 
of time.   
 
The architecture of the proposed model for fault detection and prediction is illustrated in 
Figure 2. The DSMS is responsible for controlling and managing the generated data 
stream from the data source, the SuperComputer Stream Query processor (SCSQ) [20] is 
an example of a DSMS which can be used. The data stream is then passes through two 
parallel processes. In the first one the data are applied to a fault detection function; if 
there is a failure, the alarm is switched on. The collected data will be used to update the 
fault detection function by offline training.   
 
In the second process a copy of the data stream is applied on a data stream predictor. The 
predicted data are then applied to a fault detection function (similar to the one applied in 
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the first process). If the function detects a failure, the fault prediction alarm is switched 
on.  
 

Data Source

DSMS
(SCSQ)

Fault detection 
function

Offline 
training

Failure

Alarm

Data stream

yes

No

Update

OnlineOffline

Data Stream 
Predictor

Fault detection 
function

Failure

Fault prediction 
Alarm

yes

 
Figure 2. Flow chart for the proposed fault detection and prediction system 

 
3. The data set 
The available data were collected from a Hägglunds Drives AB hydraulic motor system 
at three different motor speeds. The data, collected at the rate of 1 sample/minute, contain 
11,153 data points which correspond to 22 variables i.e., 11,153×22. In the following 
subsections, the data set which was used to identify the predictor and the data set used for 
testing the fault detection system are described in more detail.  
 
3.1 Data set for testing prediction algorithms 
To test the prediction algorithms, it was decided that the first principal component of the 
data would be used, since: 
 The first principal component explains the largest percentage of variability in the 

original data. 
 The fault detection functions i.e., grid-based classifier [1] and polygon-based method 

[17] use the first two principal components of the data. 
 It is faster and simpler to predict one variable, rather than predicting 22 variables 

separately. 
 
The selected data were collected when the hydraulic motor was running for 14 hours 
continuously at a constant motor speed. Thereafter, the first principal component was 
calculated from the selected data. Figure 3 shows the distribution of the first principal 
component of the selected data. 
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Figure 3. The distribution for the first principal component of the data 

 
In addition, the Matlab function interp1 has been used for interpolation purposes. This 
function was used to get data every second, using the data which was sampled at the rate 
of 1 sample/minute. By having two different sampling rates it was possible to observe the 
prediction performance of the methods at different sampling rates, thus enabling testing 
of short-term and long-term prediction. 
 
3.2 Data set for testing the fault detection system 
The same data set used in [1] was applied i.e., the data were divided into two groups, the 
first of which was used to train the algorithms i.e., training data, and represented 
approximately 10% of the data. The second was used for the testing purposes i.e., testing 
data, and represented around 90% of the data. The only difference is that the data were 
interpolated in seconds instead of minutes. 
 
4. The applied algorithms 
The applied algorithms can be divided into two categories. The first category concerned 
the algorithms which were used for prediction purpose i.e., prediction algorithms. The 
second category concerned the algorithms which were used for fault detection purpose. 
 
4.1 The applied algorithms for prediction purpose 
Two algorithms were used: the linear regression method and the exponential smoothing 
based linear regression analysis method. With the linear regression method, the 
parameters of the linear function that fit the training data were found (the data used to 
estimate the parameters) through the least square approach.   
 
The ES_LRA algorithm uses the linear regression to estimate the parameters of the linear 
function which fit the training data. Then, it applies a Smoothing Coefficient ( ) through 
the exponential smoothing method to adjust the estimated parameters. Further details of 
the ES_LRA algorithm can be found in [13]. 
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4.2 The applied algorithms for fault detection 
Three algorithms were used for fault detection purposes: Grid-based classifier [1], 
polygon-based method [17], and one-class support vector machines (OCSVM) [18]. 
These three methods were selected, since they have been tested on the data collected from 
a Hägglunds Drives AB hydraulic motor system in [1] and showed good performance. 
Brief descriptions of these methods are as follows: 
 
 Grid-based classifier 

Grid-based classification uses a grid to partition the data space into small elements. The 
elements can have different shapes such as squares, rectangles and triangles. Each 
element keeps information regarding the training data points i.e., the data which we 
normally use to train an algorithm. In this case, information refers to how many training 
data points belong to every class. A new data point is classified according to its 
corresponding element information, not depending on the whole body of data, which 
makes the classification process faster. Grid-based classification consists of two stages: 
(1) data mapping and (2) data classification. In the first stage the training data are mapped 
from high-dimensional into two-dimensions (2D) e.g., by calculating the first two 
principal components. The data space is then partitioned by a uniform grid. After that, the 
number of the data points, which belong to every class, for each element in the grid is 
counted and saved. In the data classification stage a new data point is classified 
depending on the probability of a class in the element to which the new data point, after 
mapping in 2D, corresponds [1]. 
 
The main advantages of the grid-based classification method are that it is a fast algorithm, 
results can be visualized, the method allows for calculation of the probability (%) that a 
data point belongs to a specific class, and the method can be easily modified to be 
incremental or used for one-class classification problems [1]. 
 
 Polygon-based method 

The polygon-based method involves the following stages: data mapping into 2D, 
clustering, and polygonization. In the first stage the data which were collected for a 
specific class are mapped into 2D e.g., using the first two principal components. The 
second stage is to cluster the mapped data to identify the clusters which represent the 
specific class. K-means clustering algorithm can be used, for example, to find these 
clusters. The last stage is to find the polygons which represent these clusters. The 
Delaunay Triangulation-based polygonization approach is an example of a method that 
can be used to construct the polygons which represent the clusters. A new data point is 
tested by mapping it into 2D, and then checking whether the data point falls into the 
specific class polygons or not. If so, that indicates that the new data point belongs to the 
specific class; otherwise, it does not (Kargupta, 2004). 
 
The polygon-based classification method is fast enough to make it suitable for online 
monitoring. Additionally, its results can be visualized. The polygon-based classification 
method had been used for anomaly detection application as in [17].  
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 One-class support vector machine  
One-class support vector machine builds a model using nominal training data to find the 
outliers. It is a modified version of support vector machine (SVM) classification 
technique that can use only positive information for training. Support vector machine 
relies on representing the data in a new high-dimension space more than in the original. 
By mapping the data into the new space SVM aims at finding a hyper-plane, which 
classifies the data into two categories [21]. The support vectors are the closest to the 
hyperplane patterns from the two classes in the transformed training data set. The support 
vectors are responsible for defining the hyper-plane. Support vector machines can also 
take advantage of non-linear kernels, such as Polynomial and Gaussian functions, to map 
the data to a very high dimensional space where the data can be linearly separated. 
OCSVM works similar to the SVM but it attempts to optimize the hyperplane between 
the origin and the remaining nominal data. 
 
The main advantages of SVM are: the ability to find the global maximum of the objective 
function, no assumptions made about the data, the complexity of SVM depends on the 
number of support vectors, but not on the dimensionality of the transformed space [21-
23]. 
 
5. Results 
In this section the results from testing the different prediction methods and the results 
from using these predictors in the proposed fault detection system are presented and 
discussed.  
 
5.1 Prediction methods results 
Figure 4 below shows the performance of the different methods using different window 
sizes and different overlap sizes. The results presented in Figure 4 were obtained using 
the data which have 1 sample/sec rate i.e., the window size axes in Figure 4 are in 
seconds. 
 
Figure 4 shows that Method1, Method2 and Method3 perform better than Method4 in 
predicting the next 10 to 100 seconds. However, the prediction error of Method4 starts to 
decrease after having windows of around 100 seconds and starts outperforming the other 
methods. We also see that Method1, Method2, and Method3 perform differently when 
using different overlap sizes. But, generally, we can observe that Method3 outperforms 
Method1 and Method2. 
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Figure 4. The performance of the different methods using different window sizes and different 

overlap sizes, the window size is in seconds 
 
Figure 5 shows the performance of the different methods by using the data which have a 
rate of 1 sample/minute. It is clear that Method4 outperforms the other methods. On the 
other hand, Method3 outperforms Method1 and Method2. Method1 and Method2 
perform differently, depending on the overlap size. 
 

 
Figure 5. The performance of the different methods using different window sizes and different 

overlap sizes, the window size is in minutes 
 
As can be seen from the results, while Method1, Method2 and Method3 perform well in 
short-term prediction, Method4 performs better in long-term prediction. The 
interpretation of these results is that Method1 and Method3 adjusted their parameters 
according to the last received data, and Method2 estimated its prediction function 
parameters according to the last received data. For this, the prediction functions for 
Method1, Method2 and Method3 were able to predict the next short-term data 
successfully. On the other hand, Method4 used more historical data, which makes it more 
successful in predicting long-term data. 
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The value of  will determine the behavior of Method1. For example, if  is small, then 
Method1 will give more importance to the old data i.e., the prediction function parameter 
will depend more on the old data and the affect of the exponential estimation will be less. 
If  is large, then Method1 will give more importance to the new data. Also, as seen in 
Figure 5, as the size of the overlap is increased the methods start behaving similarly, 
since they use more or less the same data. 
 
Generally, we can observe that if the window size is greater than 150 seconds, the best 
achieved performance remains the same i.e., MAE is around 0.7 (see Figure 4, where the 
overlap size is equal to 20% of the window size). Better performance can only be 
achieved when a window size which is around 60 seconds or less is used. Therefore, for 
further testing, a window size of 60 seconds was selected as a trade-off between window 
size and prediction performance. 
 
Based on the result, it may be concluded that the accuracy of the predictor depends on the 
following: 

- The performance of the prediction algorithm (including algorithm parameters 
optimization);  

- Number of data point (or windows) which were used for training the prediction 
algorithm; 

- Which data were used, historical or most recent data; 
- The size of the sliding window; 
- The frequency at which the data were collected. 

 
The type of prediction certainly also plays a part in the quality of prediction. There is, of 
course, a limit as to the usefulness of a certain set of data for forecasting. The limits are 
defined by the usefulness of the industrial application being studied. In addition, some 
prediction algorithms, such as ES_LRA, use different parts of the training data for 
different purposes. For example, ES_LRA uses part of the data to estimate the parameters 
of the linear function and the other part to adjust the estimated parameters. Therefore, the 
division of the training data for the different algorithm operations may affect the 
prediction accuracy.    
 
5.2 Fault detection system results 
The setup of the numerical experiments is similar to the one used in [1]. Three methods 
had been tested via polygon-based, OCSVM and grid-based classification methods. For 
the OCSVM the Radial Basis Function (RBF) was used as a kernel. The OCSVM 
algorithm was trained offline, and then the resulting function was brought online. The 
polygon-based method works by mapping the training data, which represent the normal 
behavior, into two-dimensions, then finding the clusters, and finally constructing the 
polygon for every cluster. For the grid-based method, a triangle grid was used.  
 
The prediction methods were used to predict the next 60 seconds i.e., the window size is 
60 seconds, using overlap size equal to 20% of the window size (see Figure 4). Then, the 
predicted data and the real data were applied to the three fault detection algorithms. The 
results of the test are presented in Table 1.        



12 
 

Table 1. Classification accuracy for the different prediction methods 
Type of Data Classification 

accuracy using 
Polygons-based

Classification 
accuracy using 

OCSVM

Classification 
accuracy using 

Grid-based 
Real data 96.76% 98.41% 97.11% 

Predicted data 
using Method1 

77.29% 86.02% 86.25% 

Predicted data 
using Method2 

81.91% 86.71% 88.96% 

Predicted data 
using Method3 

79.27% 87.57% 87.52% 

Predicted data 
using Method4 

72.14% 79.72% 82.88% 

 
Table 1 shows the classification accuracy for the different types of data (real and 
predicted) when applied on the different fault detection algorithms. The results show that 
the different prediction methods achieved different classification accuracy depending on 
the fault detection algorithm. The highest classification accuracy for the prediction 
methods was obtained when using the Grid-based classifier. It was also noted that the 
performance changes according to the prediction method. Generally, Method2 and 
Method3 outperform Method1 and Method4. However, Method1 achieved a very close 
performance to Method2 and Method3 and outperforms Method4. 
  
Comparing Method2 and Method4 a significant difference in performance is noted. The 
reason is that Method2 depends only on the most recent data i.e., the overlap area, which 
will allow Method2 to perform well in short-term prediction. On the other hand, Method4 
is based on more historical data, which will allow it to perform well for long-term 
prediction, as noted in the previous section. 
    
The results show that the classification accuracy is reduced when the predicted data are 
used. However, the classification accuracy is still acceptable when the predicted data are 
used. For example, when Method2 was used for prediction and Grid-based as classifier, 
the classification accuracy was around 89%, which is good enough. 
 
6. Conclusions and future work 
Data analysis can be used to detect and prevent failures in industrial systems if the 
support system is managed accordingly. The capability to detect failures plays an 
important role in machine health monitoring. Therefore, data analysis is an important tool 
for increasing availability of industrial products. The common way to perform data 
analysis is to use the current and the historical data. In this paper a new failure detection 
system which uses not only the current and the historical data but also the predicted data 
is proposed. 
 
Different data prediction methods had been tested for both short-term and long-term 
prediction. It was found that the methods which used more historical data perform better 
in long-term prediction. On the other hand, the methods which used the most recent data 
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perform better in short-term prediction. Also, it was noted that the mean absolute error 
between the predicted and the real data is smaller in the case of short-term prediction. 
 
The result of using short-term prediction in the fault detection system showed promising 
results. The fault detection system was able to achieve a classification accuracy of around 
89% using the short-term predicted data. This result is good enough to be helpful for 
avoiding failures which occur within a short period of time, for example, seizure of a 
hydraulic motor. Gaining a longer reaction time for the support system to handle early 
warnings of impending failures may certainly be used to increase system availability.    
 
A weakness of the performed experiments is that the data were interpolated to get a 
higher sampling rate and the data contained only one class i.e., no failures. Future work 
involves testing data which contain failures and have a high sampling rate.  
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Abstract 
Functional Products (FP) and Product Service Systems (PSS) may be seen as 
integrated systems comprising hardware and support services. For such offerings, 
availability is key. Little research has been done on integrating Data Stream 
Management Systems (DSMS) for monitoring (parts of) a FP to improve system 
availability. This paper introduces an approach for how data stream mining may be 
applied to monitor hardware being part of a Functional Product. The result shows that 
DSMS have the potential to significantly support continuous availability awareness of 
industrial systems, especially important when the supplier is to supply a function with 
certain availability. 
 
 
Keywords: Functional Products; Data Stream Mining; Availability 
 
 
1. Introduction 
A functional product is a system consisting of hardware which, together with a 
support system, delivers the agreed-upon function. The support system consists of 
software and various services. It keeps the whole system, including hardware, 
operational and able to deliver not merely hardware functionality, but available 
productivity for the customer. There are several ways to view the development, sale 
and procurement of total offers, product service systems or functional products, 
whatever we choose to call the system that delivers the agreed-upon function. One 
may view the system as consisting of Hardware (HW), Software (SW) and Services 
(Ss) as do Brännström, Elfrström and Thompson  [1]. In this paper we adopt the view 
of the system that delivers the function proposed by Alonso-Rasgado, Thompson and 
Elfström  [2] i.e., a system consisting of hardware and a support system. Product 
Service Systems (PSS) is a research area related to functional products.  M ller and 
Sakao  [3] state that “consolidation of PSS approaches among research projects and 
industrial branches is rudimentary”. According to Baines et al.  [4], it is clear that the 
PSS area is growing, indicating an increased industrial need for such offerings. 
Furthermore, Meier et al.  [5] identify the following recent developments in industrial 
product service systems: business models, sustainability contribution, risk 
management, knowledge management, design, development, delivery and use. 
Hopefully, these results and others will lead to further consolidation in the future. For 
offerings such as FP or PSS, availability is a key concept.  One challenge in prediction 
of FP availability is that the hardware and the support system must be accounted for 
coupled and concurrently. The reliability of hardware at both component and system 
level has been studied for years. For a non-redundant (series) system, Henley and 
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Kumamoto  [6] showed that the reliability of the individual components must be much 
greater than the system reliability requirement. Safety-critical industries such as the 
nuclear and aerospace industries, where failures can result in fatality, have always 
been a prominent driving force for the development of reliable systems. The study of 
component reliability has resulted in distribution of failure times such as the Weibull 
distribution  [7].  Several techniques have then been used to relate the component-level 
performance to that of the system. One of the simplest of these is FME(C)A, (Failure 
Mode Effects (and Criticality) Analysis)  [8]. For complex systems, structure methods 
such as Fault Tree Analysis  [9] and Markov analysis are commonly applied  [10]. 
 
While hardware availability has been studied for decades, the availability of support 
systems has not. Some notable exceptions include concepts for service reliability that 
have been reviewed by Li and Thompson  [11] who, in addition, studied the character 
of the service support system for functional products. Li and Thompson  [12] further 
adopted simulation techniques to assess the service reliability in the context of 
functional products. Also in the context of functional products, Reed et al.  [13] 
presented simulation-based techniques for service support system reliability. 
  
To couple the hardware availability and support system availability Löfstrand et 
al.  [14] describe on a conceptual level how the availability of functional products 
(consisting of hardware (HW) and a support system) may be predicted and optimized. 
In order to further improve and support continuous availability awareness for the 
functional product supplier, the field of data stream monitoring systems is here 
introduced in that context.  
 
In the field of Data Stream Mining it is clear that data stream mining algorithms have 
been applied in various fields, such as financial transactions, telecommunication 
networks, manufacturing systems and scientific data monitoring systems  [15]. Data 
stream mining can be defined as the extraction of patterns from continuous and 
rapidly arriving streams of data  [16]. Data stream mining algorithms can be applied 
either on the whole or on a part of the stream. The existing data stream mining 
algorithms can be classified into four categories: Clustering, Classification, Frequency 
counting and Time series analysis  [17]. Understanding and improving the 
maintenance phase of the lifecycle of a product is crucial for achieving high 
reliability, maintainability and availability. Many applications of data stream mining 
exist in the field of operations and maintenance. For example, a framework for the use 
of multivariate statistical process monitoring technique and data stream mining 
techniques to detect the change in the sensor data stream was proposed by 
Karacal  [18],  [19]. The framework presented by Karacal was useful for machine 
monitoring and reliability analysis. Kargupta  [20] used a mobile and distributed data 
stream mining system for real-time vehicle-health monitoring. Kargupta developed 
the VEhicle DAta Stream mining (VEDAS) system, which was used to monitor the 
vehicle data streams and driver characterization. VEDAS used an on-board PDA-
based distributed data stream mining system connected with remote modules through 
a wireless network to monitor vehicle fleets. A number of data-driven anomaly 
detection methods were applied on continuous data stream from a solid rocket motor 
in  [21]. The results showed good performance for the suggested methods in detecting 
the faults. Angelov et al.  [22] proposed a model-based approach to detect the faults in 
the industrial application. The model was tested and verified on both simulated and 
real data sets from car engine test benches. Karacal et al.  [23] developed a sensor 
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stream mining system for tool condition monitoring. They used chemical data from 
the gases released during the cutting process to monitor the cutting tool condition. A 
design of multivariate statistical analysis technique for online failure prediction was 
developed and tested by Youree et al.  [24]. The system was designed for monitoring 
the health of mission equipment, industrial equipment and facilities. Wegerich  [25] 
used a multivariate similarity-based modeling (SBM) technique for machine health 
monitoring. They used vibration data to detect incipient faults in an H-60 intermediate 
gearbox (IGB). The results showed that SBM was able to detect the faults early and to 
monitor the machine health of the gearbox. 
 
With better monitoring of critical hardware systems and system parameters, failures 
can be predicted, detected, and avoided before damage occurs. This is of course 
beneficial for the customer in a traditional sale of hardware products. However, 
systems for monitoring are of even more importance for the supplier of a function, 
since the supplier (as well as the customer) will benefit from delivering agreed-upon 
availability. By applying data stream monitoring and filtering techniques on streams 
of simulation, experimental, and testing data as well as on streams from sensors on 
industrial equipment in use, operation of functional products is supported. Such an 
approach allows prediction of potential future errors before they occur, reducing the 
risk of unplanned stops and thus increasing hardware and function availability  [16]. 
However, little research has been done on integrating technical systems for 
monitoring (parts of) a FP and thus further improving system availability. 
 
Therefore, in this paper a DSMS based data stream mining approach is introduced in 
order to monitor hardware being part of a Functional Product. The DSMS approach is 
used to support continuous availability awareness of industrial systems. Thus, the 
objective for this paper is to derive and present requirements for a DSMS which is to 
be used for supporting continuous functional product availability awareness. 
 

2. Research methodology 
Previous research included a review of the data stream mining algorithms and their 
applications in the field of operation and maintenance, further presented in  [16]. 
Based on the research in  [16], this paper introduces requirements for, and some issues 
concerned with, data stream mining for increased functional product availability 
awareness.  The actual research methodology consisted of three steps: (1) developing 
the five-step approach further presented in Chapter 5, (2) identifying system 
parameters and responses and (3) identifying requirements on DSMS technologies for 
functional product availability support. 
 

3. About DSMS Technologies 
As identified in the popular magazine The Economist  [26], the quantity of generated 
data and the available storage are continuously increasing. However, the rate of 
growth of the generated data is faster than that of the available storage capacity. This 
overload has compelled researchers to find systems and tools that can handle data on 
the fly i.e., data stream, without the need to store it. A data stream management 
system has been found to be an effective means of handling continuously generated 
data. 
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A data stream management system can be defined as an extension of a database 
management system which has the ability to deal with a data stream. Figure 1 shows 
an abstract architecture for a data stream management system  [27].  
 

User

Query Processor

Data Storage 
(Working, Summary, and 

Static)

Continuous
queries(CQs)    

Input Stream Output Stream

DSMS

Updates to 
static data

 
Figure 1. An abstract architecture for a DSMS 

 
The query processor is responsible for executing the continuous user queries over the 
input data stream, and then stream the output to the user or to a temporarily buffer. 
The working, summary, and static data storages are used for temporary working 
storage, stream synopses and meta-data, respectively  [27]. Sensor networks, network 
traffic analysis, financial tickers and transaction log analysis are examples of DSMS 
applications  [27]. A DSMS has the same structure as a DBMS (i.e., table in a 
relational database), but a data stream has no associated disk storage; it arrives 
continuously, its arrival rate may vary from time to time, and the missed data may be 
lost  [28]. 
 

4. Use case example 
In this use case the focus is on hardware monitoring and the usefulness of DSMS 
techniques for increased functional product availability awareness. The use case is the 
Swedish company Hägglunds Drives AB (HDAB).  Hägglunds Drives AB is a 
manufacturer of low-speed, high-torque hydraulic drive systems  [29] . Their drive 
systems are used in many industries such as: mining, recycling, pulp and paper, 
rubber and plastics, offshore, fishing, building and construction. HDAB are interested 
in improving monitoring to increase availability and reliability of their drive systems. 
 
In  [16] the authors have shown that data stream mining together with data stream 
management systems can be used to increase the availability of HDAB hydraulic 
drive systems. The tested data stream mining algorithms were able to achieve high 
classification accuracy. As a result, the algorithms can be used to detect failures at an 
early stage.  
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Once a failure is detected the next step is to identify how the system should respond to 
this failure. Reducing motor speed and shutting down the system are examples of 
responses which can be applied to protect the HDAB hydraulic motors from extreme 
damages. In addition, detecting failures at an early stage can reduce or eliminate the 
downtime of the monitored systems which is beneficial for HDAB and also for their 
customers. 
   
On the other hand, the output from the monitoring model can be used to update the 
probability of equipment failure. The updated probability can be used to increase the 
prediction accuracy of the availability of functional products (consisting of hardware 
(HW) and a support system). 
 
4.1 Supporting availability of functional products 
The selection of the data parameters and the generating speed of the data are 
important factors for monitoring industrial systems. Therefore, after identifying the 
essential failures which could affect the system availability, the parameters to be 
monitored must be selected based on for example information from interviews with 
experts or through statistical analysis of existing data. Temperature, speed, and 
pressure are examples of the data parameters which were used to monitor the HDAB 
systems, further discussed in  [16]. On the other hand, collecting data at higher 
frequency makes the result of the monitoring more accurate. Therefore, the 
SuperComputer Stream Query processor (SCSQ)  [30] data stream management 
system was used by  [16] to control and manage the data stream. 
 
Alzghoul and Löfstrand  [16]  used the data, which was collected when a HDAB 
hydraulic motor was running normally i.e. without failures, to train the data stream 
mining algorithms e.g. Grid-based algorithm. Then the trained algorithm was tested 
by the authors using artificial failure data. The result showed that the algorithms were 
able to detect most of the failure data. 
 
The case for using DSMS techniques and approaches in the context of functional 
product procurement and use may be summarized as stated above: having better 
monitoring of critical hardware systems and system parameters, failures can be 
predicted, detected, and avoided before damage occurs. One of the critical issues is to 
identify sets of parameters to be used for monitoring a data stream (i.e. rules or 
filters), both normal and abnormal system behaviors need to be described based on 
parameter sets given by the available sensors. Then required responses need to be 
decided. These issues will be further discussed in Chapter 5 below. First however, 
some of the potential effects of using DSMS technologies in the context of functional 
product availability will be discussed. The supplier decreases his business risk and 
worry about whether or not the availability he promised to deliver in fact is being 
delivered. If potential faults (which may eventually lead to hardware failure) are 
detected in time the supplier may address them without affecting the agreed upon FP 
availability and customer productivity. 
 
Using DSMS techniques the customer may get continuous assurances that the 
functional product is working. (While parts of the support system around the hardware 
core of the functional product may be monitored (spare parts, tools, staff training 
levels, and number of available staff to name a few), the issues concerned with 
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monitoring the support system are not expressly covered in this paper. Further, the 
customer may thus be assured of having a certain available production plant, thus 
significantly supporting his productivity while not having to invest in potentially 
capital intensive own hardware.  
 
5. Derivation of DSMS requirements 
In this chapter, three issues related to the DSMS requirements are presented for the 
use in the context of functional products: Identifying system parameters and 
responses, Proposed DSMS structure and Requirements on DSMS technology. 
Having verified the ability of data stream mining in detecting failures, the next step is 
to determine how data stream mining can be used to support suppliers of functional 
products.  
5.1 Identifying system parameters and responses 
When deriving requirements on the DSMS technology, a five-step approach is 
proposed. In the first step (1) a usage scenario based on customer needs and the 
available system is agreed upon, and thereafter (2) the system and the system 
functionality are described. Step three (3) includes an industrial scenario. 
 
The case study should be aimed at capturing interviewees’ design- and operations-
related knowledge with the purpose of identifying DSMS filters. Such filters may be 
defined by distributions of system parameters over time.  Having identified system 
parameters, step four (4) includes modeling and analysis of the system. The filters 
should be defined on the basis of what kind of information is needed for the industrial 
company to increase system availability. Step five (5) is aimed at identifying the 
industrially required system responses; that is, how should the system respond when a 
certain distribution of system parameters is identified through the DSMS?  
 
5.2 Proposed DSMS structure 
Data stream mining can increase the availability of a product by detecting, predicting 
and avoiding failures. Figure 2 below shows how the services can be obtained using 
data stream mining. The lifecycle data of a product can be analyzed and interpreted to 
get the status of the product and also to answer queries from engineers. As presented 
in figure 2 below, the DSMS is responsible for controlling and managing the 
generated data stream, whereas the data stream mining algorithms are responsible for 
information extraction from continuous and rapidly arriving streams of data. The 
extracted information is then interpreted to obtain relevant knowledge. Finally, that 
knowledge may be made into a service by being presented in a post-processing 
interface according to the needs of the functional product supplier or customer.  
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Figure 2. Flow chart showing how services can be obtained using DSMS and data stream mining 
 
To increase usability and to disseminate the DSMS approach among non-experts in 
industry, developing a flexible Graphical User Interface (GUI) seems pertinent. In 
such an interface, the streaming queries (“questions”) can be visualized as well as the 
corresponding results (“answers”), thus presenting information to the user in a 
simpler, user-friendly way. For instance, a set of queries regarding functional product 
availability can be presented to an industrial engineer for combination as the engineer 
sees fit.  Also, the interface could also be used to present post-processing data, for 
example, graphical variances between actual and agreed upon system availability. 
 
5.3 Requirements and examples on DSMS technology 
For these characteristics of data stream and to be able to apply the continuous queries 
on the input data streams the DSMS should fulfill the following requirements  [27]:  

 The order- and time-based operations should be allowed by the data model and 
query semantics. 

 The streaming query plan must allow the results to be produced before the use 
of blocking operators. 

 The algorithm should use a single pass over the data. 
 Real-time monitoring applications should have real-time reactions to unusual 

data values. 
 Long-running queries may encounter different system conditions. 
 To achieve scalability, the shared execution of different continuous queries is 

necessary.  
 Uses data summary (cannot store complete stream), which leads to inexact 

answers. 
 
In order to handle the stream data a special query language, which is compatible with 
the structure of the DSMS, has to be defined. These queries are applied continuously 
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and permanently on the data stream, producing a new stream or updating a permanent 
table  [28]. SCSQ  [30], STREAM  [31], TelegraphCQ  [32], and Aurora- Medusa-
Borealis  [33] are examples of general-purpose DSMSs that can be used for more than 
one purpose or application. On the other hand, Gigascope  [34] and Hancock  [35] are 
examples of specialized, application-based DSMSs. They were designed for network 
monitoring and analysis of telecommunications  [28]. 
 

6. Discussion and conclusion 
The availability of a functional product can be improved by monitoring the product 
status during its operating period, allowing for preventive maintenance and early 
identification of issues regarding hardware reliability. Since availability is a function 
of maintainability and reliability, decreasing hardware downtime or Mean Time 
Between Failures (MTB) through monitoring and using a DSMS approach, also 
increases the hardware availability.  
 
One way of improving the accuracy of the predicted availability would be to introduce 
a Bayesian Belief Network (BBN)  [36] into the simulation model. The BBN can be 
converted into a fault tree and thereby enable prediction of hardware reliability (as 
one important part of the functional product availability model). Furthermore, a BBN 
has the possibility of taking measured data filtered by DSMS as input, updating the 
parameters in the BBN and thereby increasing the accuracy of the model. Hence, by 
this strategy the validity of the predicted availability will increase. 
 
Based on the above requirements, to monitor hardware that is part of a functional 
product a number of sensors need to be installed to collect different data streams from 
hardware in operation. The data coming from these sensors should be ordered by 
using, for example, a time-stamp. To search the data stream the applied algorithm 
must be able to use only one pass over the data stream; otherwise, some data will be 
lost, which may influence the monitoring operation. Once abnormal data values are 
detected, real-time (or as fast as possible) reactions are necessary. It should also be 
noted that the generating rates of the data may affect the monitoring results; having 
high generating rates could give more accurate results. 
 
By providing the required information on time, data stream mining can mitigate the 
probability of equipment failures and support continuous availability awareness of 
industrial systems. Such availability awareness is especially important when the 
supplier is to supply a function with certain availability such as a functional product. 
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