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Abstract 

Today, competition among product manufacturers has increased and many face 
being copied and thus losing their uniqueness. To differentiate on the market, 
new businesses, which extend the manufacturer’s responsibility through 
supporting and guaranteeing product performance, thus offering more value-
creating activities, have received increasing interest. The concepts of Functional 
Products or Total Offers have emerged through the realization that it is tougher 
to compete with hardware products only. The Functional Products concept 
combines the development of hardware, software, services and management of 
operation, thereby integrating value-adding activities into complete offers. 

Offering a Functional Product is usually a lifecycle commitment (long-term 
business-to-business agreement) between the function provider and customer. In 
this type of business, agreed-upon availability is of importance, especially since 
the availability of a function can directly influence customers’ productivity. The 
provider and customer need to predict and evaluate the availability of the 
function, both in early phases of the product development process and 
continuously during operation throughout the contracted time. In this thesis, in 
paper A, a model for predicting and monitoring industrial system availability has 
been proposed to enable the provider of Functional Products to continuously 
evaluate, through simulation, the offer in terms of availability performance. The 
model integrates hardware, support system and monitoring system components 
and through this approach it is possible to utilize operational data in simulations 
for continuous prediction of availability during operation.  

Further, the results of paper B presented in this thesis may extend and improve 
the model proposed in paper A, if implemented. The results of paper B describe 
the addition of data stream forecasting to the data stream management fault 
detection system and have showed improved prediction capabilities. The 
approach to evaluate the availability in paper A may also be extended and 
improved through the results presented and demonstrated in paper C. In paper 
C, a software tool to predict system availability has been developed and 
demonstrated with data from a real industrial system. The results from the 
simulation demonstrated, together with the addition of the partitioned multi- 
objective risk method in paper C, provided an indication of what level of 
availability may be guaranteed for the product; thus, the approach may be used to 
compare the availability performance of different designs.  
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1. Introduction  
In industry, high reliability of products and industrial processes is of interest, 
especially in industries such as the aerospace, nuclear and chemical industries, 
where safety is a critical issue and failures can cause fatalities. In other areas of 
industry, reliability also needs to be addressed, not only for safety reasons but for 
availability reasons. Unreliable products seem to, in a long-term perspective, be 
both outperformed and outrivaled. Offering reliability is one way for companies 
to compete, but total offers or Functional Products (FP) as a competitive means 
have attracted considerable interest during the last fifteen years. The concepts of 
FP or Total Offer have emerged through the realization that it is harder to 
compete with hardware products only. Thus, to differentiate on the market, 
companies need to focus more on value-creating activities. In Brännström et al. 
(2001), the authors proposed a lifecycle model for Functional Products. The 
model combines the development processes of hardware, software and services, 
thereby integrating the company’s value-adding activities into complete offers 
(FPs). Offering an FP is usually a lifecycle commitment (long-term business-to-
business agreement) between the function provider and customer (Alonso-
Rasgado et al., 2004). In this type of business, agreed-upon availability is of 
importance, especially since the availability of a function can directly influence 
customers’ productivity (Löfstrand et al., 2011). In Lindström et al. (2012b) a 
conceptual FP development process is proposed, where an FP is defined as an 
offer that comprises hardware (HW), service support system (SSS), software (SW) 
and management of operation (MO). When designing products to be offered as 
FPs, methods and tools for evaluating the availability of the function need to be 
developed. The provider and customer need to predict and evaluate the 
availability of the function, both in early phases of the product development and 
continuously during operation throughout the contracted time. In Alonso-
Rasgado et al. (2004) it is stated that “Functional product provision must include 
monitoring of quantitative performance measures that determine whether the level of 
functional provision reaches, or exceeds, the levels specified in the contractual agreement”. 
Thus, for the FP provider, monitoring the function during operation is important 
to secure the availability level agreed.  

Even before initiating the development of the functional product, the availability 
of the function must be assessed. The FP provider, who is responsible for 
maintaining availability of the function throughout the contracted period, needs 
to perform the assessment to increase the knowledge about what availability 
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levels are possible to offer. In Löfstrand et al. (2011) a simulation- driven 
methodology for how to predict and optimize availability and cost in early phases 
of development and during the operation of the functional products is presented.  

Developing models for simulating and predicting availability is a crucial tool for 
both the provider and customer as decision support in early development phases. 
Performing such simulations would make it possible for both the customer and 
provider to more quickly analyze a variety of FP concepts, and evaluate the 
associated cost of different levels of availability. However, the methodology 
presented in Löfstrand et al. (2011) does not elaborate in detail on how the 
components needed to simulate availability are modeled. Prior to the research 
presented in this thesis there have been relatively few simulation–based 
approaches to functional product development. Karlsson et al. (2005) proposed 
an information-driven collaborative engineering approach based on simulations 
to enable functional product innovation and Löfstrand et al. (2005) proposed a 
schematic representation of a simulation support tool for functional product 
development. In Alonso- Rasgado et al. (2006) a computational tool is proposed 
to support a rapid design process for functional product creation. The tool 
integrates hardware architecture, simulation of services, service design, hardware 
and service support system cost. Based on the framework proposed by Löfstrand 
et al. (2011), the research presented in this thesis focuses on how the components 
of a functional product availability model should be modeled to simulate and 
predict availability, both in early phases of product development and during 
operation. To be even more specific, the focus is on how to model HW 
component and monitoring system component i.e., what tools, techniques and 
data are needed to enable availability simulation for functional product provision.  

1.1 Research context 
The research presented in this thesis has been funded by the Faste Laboratory (the 
Faste Laboratory, accessed online: 2014-05-10) which is a VINNOVA 
Excellence Centre for Functional Product Innovation  and SMART VORTEX 
which is a EU FP 7 funded project (SMART VORTEX, accessed online: 2014-
03-10). The aim of the Smart Vortex project is to provide a technological 
infrastructure consisting of a comprehensive suite of interoperable tools, services 
and methods for intelligent management and analysis of massive data streams to 
achieve better collaboration and decision making in engineering. The work in 
this thesis has been performed at Luleå University of Technology, Division of 
Product and Production Development and within the subject of Computer 
Aided Design (Product and Production Development online acc: 2014-05-10) in 



3 
 

which also parts of the ongoing Faste Laboratory and Smart Vortex project are 
conducted. The research has also involved collaboration with an industrial 
partner to The Faste Laboratory and SMART VORTEX. The industrial partner, 
Bosch Rexroth Mellansel AB (BRMAB) (Bosch Rexroth Mellansel AB accessed 
online: 2014-05-10), is a Swedish company that manufactures and sells hydraulic 
drive systems. BRMAB has been involved in and contributed to the research by 
allowing studies to be carried out on suitable drive systems in order to collect 
reliability data for reliability assessment with the purpose of enabling modeling 
and simulation of system availability. Also, the industrial partner has allowed 
methods and techniques for fault detection and diagnosis to be tested and verified 
on drive systems in laboratory at BRMAB.   

1.2 Research questions 
    The research questions in this thesis have been formulated to address identified 
industrial needs. Industrial companies have emphasized the necessity of exploring 
these needs and gaining knowledge with respect to them to enable the transition 
towards offering Functional Products. The research questions have served as 
guidance for the work presented in this thesis. The first research question stated is 
an overall research question, common for all researchers within the same research 
project as the author. Research question 2 is specific to the author’s work during 
the progress of the research presented in this thesis.   

 RQ1: How should simulation models be developed and created to 
 model product and service availability? 
 

RQ2: How should HW and monitoring of HW status be 
interconnected and modeled to enable prediction of industrial system 
reliability through simulation during operation? 

1.3 Thesis disposition 
The thesis is initiated by the preceding introduction, Chapter 1, which presents 
background to research conducted and the research questions guiding the work. 
In Chapter 2 the main theoretical foundation on which the author’s research 
relies is presented. The research methodology is presented in Chapter 3, which 
aims to give a holistic view of the research process and present the techniques 
and methods used in data collection and analysis. The results of the research are 
presented in Chapter 4, followed by a description of the author contribution to 
each paper in Chapter 5. Chapter 6 discusses and concludes the work. Chapter 7 
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contains the author’s recommendations for future work. Appended are the papers 
on which this thesis is based.     
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2. Theory 
This chapter presents the main theoretical foundations of the research conducted. 

2.1 Product development 
Product development is defined by Ulrich and Eppinger (2012) as “the set of 
activities beginning with perception of a market opportunity and ending in the production, 
sale, and delivery of a product”. During the development of a product many 
decisions need to be taken; thus, designing products may require guidance by a 
structured approach or process. Within the field of engineering, a product 
development process aims to provide developers with guidelines i.e., steps or 
activities that in sequence enable the transformation of inputs (customer needs) 
into output (product launch). Figure 1 presents a generic development process. 
The six phases of the process are similar to those presented in Ulrich and 
Eppinger (2012). Figure 1 also illustrates the convergence and divergence of the 
different phases. The activities in the process described by Ulrich and Eppinger 
(2012) are not strictly straightforward and include iterations between preceding 
phases if needed. 

 

Figure 1. Generic product development process, inspired by Ulrich and Eppinger (2012). 

 According to Clarkson and Eckert (2005), research in design process 
improvement has been undertaken by many researchers; thus, many different 
models for designing exist. A description of a design or product development 
process model may vary in detail. Clarkson and Eckert (2005) present three 
different classifications of design processes. The first includes Abstract approaches, 
which aim to describe the design process at a higher level of abstraction. At this 
level the process can be applied to a wide range of situations but gives little 
specific advice.  The next level is procedural approaches, which offers more concrete 
advice in specific situations but is less general in nature. Analytical approaches focus 



6 
 

on specific tasks such as comparing effects of different designs and do not try to 
include the whole design process. Since the settings where development is 
performed can vary, describing a general design process satisfactorily is a 
challenge. Thus, there are many different classification schemes within product 
development literature, each of which is influenced by different factors such as 
discipline of origin (e.g., software, service, mechanical engineering, etc.) and 
nationality of origin. Today, products are increasing in complexity, forcing 
engineering disciplines to closely collaborate in cross-functional teams to deal 
with the complexity. Thus, the process for modern development today extends 
to include the whole business and requires integrated product development. 
Going from sequential schemes of design towards a parallel and concurrent 
approach in design, the design processes utilized by the different disciplines in the 
development of complex products need to be coordinated to achieve an efficient 
process. This is realized within Concurrent Engineering, where reengineering of 
processes is considered central to the process of concurrent development, but this 
also calls for the need for proper management, which is crucial for the success of 
the product. Concurrent Engineering is defined by Winner et al. 1988 as a 
“systematic approach to the integrated, concurrent design of products and their related 
processes, including manufacture and support. This approach is intended to cause the 
developers, from the outset, to consider all elements of the product life-cycle from conception 
through disposal, including quality, cost, schedule, and user requirements”. The adoption 
of the concurrent engineering approach to the development of complex products 
has been shown in many cases to cut cost and lead time of development. Since 
1988, the concept of concurrent engineering has evolved to encompass a wider 
view, that is; integrating product and process design over the enterprise (Prasad, 
1996).       

2.2 Product service systems 
Today, competition among manufacturers has increased and many face being 
copied and thus losing their uniqueness. To differentiate on the market, new 
businesses, which extend the manufacturers’ responsibility through supporting 
and guaranteeing product , have attracted increasing interest. The increase is 
mainly due to the added value the new business scenario provides, usually 
through added services to the customers, but also due to the increase in revenue 
through increased service shares. Products and services are being developed in an 
integrated manner, and in this new scenario, traditional definitions of product 
development are no longer satisfactory.  According to a recent extensive 
literature review on PSS by Beuren et al. (2013), the first and most frequently 
cited definition of the concept Product Service Systems (PSS) is by Goedkoop et 
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al. (1999), who stated that “A product service system is a system of products, services, 
network of players and supporting infrastructure that continuously strives to be competitive, 
satisfy customer needs and have lower environmental impact than traditional business 
models”. During the last fifteen years, methodologies for developing PSS have 
been developed to cope with the requirements the increased responsibility and 
complexity brings. The issue of developing systems within the area of PSS has 
been discussed by Ericsson and Larsson (2009). They argue that a system theory 
view is fundamental in PSS development and that new development processes 
need to include and consider collaboration across disciplines and extend to last 
through the entire lifecycle and or contracted period. Realizing systems is a 
major topic in the field of Systems Engineering (SE). INCOSE (The 
International Council of Systems Engineering) defines SE as;  

“an interdisciplinary approach and means to enable the realization of successful systems. It 
focuses on defining customer needs and required functionality early in the development cycle, 
documenting requirements, then proceeding with design synthesis and system validation 
while considering the complete problem “.  

Further, the definition by INCOSE states that “Systems Engineering integrates all 
the disciplines and specialty groups into a team effort forming a structured development 
process that proceeds from concept to production to operation. Systems Engineering considers 
both the business and the technical needs of all customers with the goal of providing a 
quality product that meets the user needs”.  

Despite the existence of approaches to aid system development, in Vasantha et al. 
(2011), eight state-of-the-art PSS methodologies have been reviewed and 
evaluated through a maturity model. The results from the maturity model by 
Vasantha et al. (2011) showed that methodologies for PSS are still in the initial 
stages of development and are not yet fully matured to be practical in PSS design. 
One of the remaining challenges mentioned by Vasantha et al. (2011) is the need 
for proper system modeling techniques to support the co-creation of conceptual 
system models.   

When proposing to hold a system theory view in the development of PSS, it is 
also important to holistically view the different categories of PSSs. Criticism of 
the lack of specificity in PSS methodologies i.e., that methodologies are too 
general, has been emphasized by some researchers within the field of PSS 
(Vasantha et al., 2011). Thus, there seems to be a need for narrower approaches 
in PSS design methodologies. In Tukker and Tischner (2004), three different PSS 
classifications have been defined: 1) Product-oriented PSS, which is mainly focused 
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on sales of products where extra service is added. 2) Use-oriented PSS, where the 
traditional product is still somewhat in focus, but the ownership of the product is 
not transferred but made available to the customer. 3) Result-oriented PSS, in 
which a result is agreed between customer and provider; this does not build upon 
any assumption that a physical product necessarily needs to be involved to 
produce the actual result. It is the belief of the author that narrowing down the 
focus to research on methodologies for each of these classifications of PSS could 
be a way forward to creating more practical PSS methodologies and hence 
reducing the lack of specificity. In the next chapter, the concept Functional 
Product is presented. The concept of Functional Products has similarities with 
functional sales (Brännström et al., 2001), total-care products (Alonso-Rasgado et 
al., 2004), IPS2 (Meier et al., 2010) and PSS (Baines et al., 2007). The FP 
concept resembles the use- oriented PSS classification due to its frequently 
discussed characteristic of retained ownership of the product by the product 
manufacturer, and offering of function.     

2.3 Functional product development 
In an FP business agreement function is offered instead of hardware components 
being sold. The FP offer includes a functional guarantee which may constitute 
hardware (HW) together with a service support system (SSS) and sometimes 
software (SW) where appropriate (Alonso-Rasgado, et al., 2004). An offered 
function may be quantified in terms of technical performance measures for a 
certain period of time and at a specified level of availability e.g., turning a shaft at 
20 rpm while retaining a torque of 15 kNm at 95% availability during one year. 
If contractual agreements are not met by the provider, financial penalties may be 
incurred. For the customer, the advantages of FPs as compared to traditional 
products are identified by Alonso-Rasgado (2006) as smooth cash flow, 
guaranteed level of availability, continuously updated equipment and good 
equipment condition throughout FP contract period. Isaksson et al. (2009) argue 
that the main business arguments for both customers and providers of function 
sales are: increased customer value, long-term return on investment (B2B) and 
more stable cash flow. Necessary for the FP to be realized is that a win-win 
situation can be achieved with all collaborating partners. To achieve a win-win 
situation the global value chain for the FP must be investigated in terms of how 
the different partners are involved (in terms of roles and responsibilities) and how 
they need to collaborate (Parida et al., 2013). 

Alonso-Rasgado et al. (2004) state:  
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“In FP design, an integrated concept design process is required in which customer 
aspirations, product potential and concept development should be explored simultaneously.”  

Lindström et al. (2012a, 2012b) assert that developing FPs requires integrated 
development of the interdependent FP constituents and that the development of 
each of the sub-processes should be guided by different methods and techniques. 
In Figure 2 the conceptual FPD process developed by Lindström et al. (2012b) is 
presented. 

 

Figure 2. The conceptual FPD process by Lindström et al. (2012b), as interpreted by the 
author. 

In the FPD process, Figure 2, activities are scheduled before the actual 
development of the constituents starts. These are initial management activities 
such as market analysis, investigation and assessment of risks of failure in 
providing function, which are needed to establish a valid business case. The 
following chapters describe approaches to assessing and managing availability of 
industrial systems during product development.   

2.4 Industrial system availability 
Availability can be defined as the fraction of the total time that as system can 
perform its function, according to equation 1 below (Lie et al., 1977).  

A =        (1) 

In the definition of availability above, referred to as operational availability by Lie 
et al. (1977), both maintainability and reliability are factors that influence the 
system availability. In addition to Uptime, which is included in the Total time of 
the system availability definition, downtime for corrective and preventative 
maintenance, logistics time, ready time and administrative time are considered. 
These are activities that accumulate and contribute to the total downtime. Thus, 
predicting availability of industrial systems means predicting both the reliability 
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and maintainability of the system, in this thesis research interest has mainly been 
directed towards predicting system reliability.   

2.5 Reliability assessment during system development 
In system design where management of reliability is an important requirement, a 
reliability program such as MIL-STD-785B (1980) may be implemented. The 
objective of a reliability program is to ensure that reliability specifications are 
pursued throughout the development process. According to Andrews and Moss 
(2002), experiences show that applying and performing reliability techniques 
throughout the development process of a product ensures that problems are 
minimized at installation, start-up and during operation. Reliability assessments of 
industrial systems are commonly performed through fault tree analysis (FTA) 
(NUREG- 0492, 1981) and Failure Mode, Effects and Criticality Analysis 
(FMECA) (MIL-STD-1629a, 1980). The reliability assessment aims to reveal 
critical system failure modes.  

FTA is a deductive method to analyze and identify combinations of events that 
cause an undesired system failure. It is a top-down approach where, first, the 
undesired top event is defined. The top event is systematically analyzed to 
identify its necessary and immediate causes and the analysis continues until the 
basic causes are identified.  

FMECA is an inductive method of failure mode analysis, it analyses the effect 
each failure mode has on the system. There are two basic approaches to FMECA: 
functional FMECA and hardware FMECA. In early design phases, where the 
product or system is not yet in defined in detail, functional FMECA may be 
preferred. The failure mode analysis in this case is based on treating components 
or sub-assemblies as “black boxes”. The analysis is then focused on the effect of 
loss of input from these “boxes” on system functioning. Hardware FMECA may 
be performed when more detailed component information is accessible. 
Functional FMECA is often a precursor to FTA and Hardware FMECA.  

The reliability of new designs can be challenging to predict compared to that of 
existing designs. Performing FMECA and FTA partly based on knowledge, 
experience and best guesses may lead to ambiguous results when assessing the 
reliability of new products. In these cases, reliability databases such as OREDA 
may assist in providing generic reliability data for the assessment. Triangulating 
heuristic knowledge, generic reliability data and simulation results may enable 
best estimates for the specific case. To manage reliability during operation of 
products, condition monitoring is necessary. The following chapter presents 
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approaches to developing condition monitoring for assessment of reliability in 
operation. 

2.6 Development of fault detection and diagnosis methods 
To aid the prediction of availability of industrial systems, condition monitoring 
plays an important role. Condition monitoring is used when applying a 
condition-based maintenance strategy to predict or detect impeding faults before 
any damage that causes disruption of system functioning occurs. Much research 
has been published and there are many text books on the subject of fault 
detection and diagnosis (FDD) techniques or condition monitoring techniques 
for specific applications. When designing a condition monitoring system, the use 
of, and combination of, many different FDD techniques is not uncommon to 
cover the large variety of faults that may exist within the industrial system. 
Although research about FDD methods is extensive, it is dispersed; thus, 
industrial practitioners face challenges in getting a good overview over the field 
of development of FDD and FDD available methods to utilize. However, books 
such as Isermann (2011) and Chiang et al. (2001) introduce and provide 
guidelines to the process of developing fault detection techniques by giving 
examples of development of FDD methods for various applications. In Figure 3 
below, a simplified schedule for development of FDD methods, similar to that 
proposed in Isermann (2011), is presented.  

 

Figure 3. Schedule for development stages for fault detection and diagnosis, similar to 
Isermann (2011). 

The approach has a general overview and does not focus on development of a 
single technique, making it suitable to adopt for different types of problems that 
may be encountered in industrial applications. By applying such a process, an 
FDD method is developed in a structured manner, and thus enhances the 
possibility to meet the stated demands, for instance, reliability and robustness. 
The selection of fault detection methods depends on the type of fault to be 
detected and can be guided by the quantity and the quality of available data 
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describing the behavior of the fault. Rich data on failure behaviors but limited 
knowledge in the causes of failure behavior may promote data-based method, as 
knowledge and available physical models may promote model-based methods. A 
classification of different fault detection methods inspired by Zhang and Jiang 
(2008) is presented in Figure 4.   

 

Figure 4. Classification of fault detection and diagnosis methods, inspired by Zhang and 
Jiang (2008).   
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3. Research methodology 
This chapter describes the approach of the research conducted.  

3.1 The research process 
To gain insight and achieve better understanding, a literature review of books 
and the state-of-the-art of the different areas presented in chapter 2 was 
conducted. Since availability of the functional product has been considered 
important to predict to enable FPs (Löfstrand et al., 2011), this requirement needs 
to be addressed early during the development of the offer. The framework 
presented by Löfstrand et al. (2011) does not elaborate in detail on how the 
components needed to simulate the availability of functional product are 
modeled. The challenge of developing functional products is multidimensional, 
meaning cooperation with researchers between different disciplines is necessary in 
order to manage the technical challenges the FP offer brings. To investigate how 
the different constituents of such an approach should be modeled, the author has 
collaborated with researchers, each representing different areas of expertise 
needed, to tie the constituents together into a comprehensive model. This 
collaboration resulted in the development of paper A. In Figure 5 a holistic view 
over the author’s research process is presented.  

 

Figure 5, the research process. 

The research performed in this thesis has required extensive data collection and 
reliability assessment to be performed on BRMAB drive systems. In paper A, 
prediction of system faults through monitoring was proposed to be utilized as 
input to the simulation model to enable simulation during operation. Through 
utilizing a data stream management system to enable support of data to the model 
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proposed in paper A, prediction of suddenly occurring failures in a BRMAB 
drive system was investigated. In paper B, prediction of the data stream, 
describing these failures, together with the application of data stream mining 
algorithms, a newly proposed fault detection system was proposed and tested.  

To further explore the proposed model in paper A, data from real industrial 
systems at BRMAB were collected to serve as input to paper C, where parts of 
the proposed simulation approach in paper A were synthesized into a simulation 
model in which the collected data were applied to evaluate availability. Dashed 
lines in Figure 5, going from paper B and C to paper A, represent that results of 
paper B and paper C may improve and partly verify the result of paper A. In the 
following section, the methodologies employed by the author during data 
collection are described. Mainly, the focus has been on qualitative methods, 
techniques such as participant observation and semi- structured interviews to 
enable collection of relevant data.  

3.2 Data collection at BRMAB 
During the progress of research presented in this thesis, different drive systems at 
BRMAB have been utilized for the purpose of studying, investigating and 
understanding the technical risks involved in offering their systems as functional 
products. To enable the research in paper B, complete system descriptions have 
been obtained and operational data have been collected and analyzed to serve as 
input to test and verify the proposed approach to system fault prediction. In 
paper C, complete system descriptions have also been obtained and reliability 
assessments have been performed in collaboration with industrial representatives. 
This information has been utilized as input to simulate real industrial system 
availability. Overall, the data collection methodologies employed by the author 
for each of the papers have been similar or the same. Data for system 
understanding have been collected through various sources such as technical 
specifications, hydraulic schemes, CAD files, databases storing operational data, 
field failure reports and warranty claims. For the reliability assessment, generally, 
collection of quantitative data at BRMAB has been a challenge. Data regarding 
failures have been dispersed and failure reports have been incomplete, that is, not 
fully describing the causes of a fault or the context in which it has occurred. 
Thus, semi-structured interviews (Kvale and Brinkmann, 2009) have been 
conducted to complete missing information. Interviews have been prepared by 
sending out, in advance, information describing the background of the case, and 
the actual questionnaire guiding the interview. Thus, the interviewees have had 
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time to reflect upon the questions and been able to prepare themselves for the 
up-coming interview (Kvale and Brinkmann, 2009).   

3.3 Data analysis  
The overall approach for data analysis has been to categorize and analyze data 
collected using sequential analysis (Miles and Huberman, 1994). Since one of the 
challenges has been to collect quantitative data, triangulation by using multiple 
data sources has been a way for the authors to increase the reliability of the 
research and the validity of the results. Case analysis meetings (Miles and 
Huberman, 1994) have been held with the research team to discuss summarized 
results, for example, between interview sessions, to refine the focus and questions 
for additional data collection. 
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4. The need of condition monitoring to support simulations 
when predicting system availability of Functional 
Products  

Functional products may be seen as integrated offerings, where the main 
constituents of the offer consist of HW, SW, SS and MO. In a business-to-
business agreement, availability of the offered function is crucial to predict, since 
the performance of the function may directly affect the customer’s productivity. 
In an FP offer, the performance of each constituent contributes in different ways 
to the total availability.  

4.1 Predicting industrial system availability 
In paper A, a model for predicting availability of industrial systems has been 
proposed. The method for identifying the model’s components is based partly 
upon previous research in the author’s research group (Löfstrand el al., 2005; 
Alzghoul and Löfstrand, 2011; Alzghoul et al., 2011; Kyösti el al., 2011). The 
model integrates hardware, support system and monitoring system models and 
through this approach it is possible to feed operational data into the model for 
continuous prediction of availability during operation. It is suggested that the 
model be utilized as decision support during operation of the functional product.  
The HW model is developed based on FTA. The failure rates for the fault trees’ 
(FTs) basic events are estimated based on industrial knowledge and experience 
and previous similar system data. The development of a data stream management 
system (DSMS) model also utilizes the FTs as a base, where textual filters are 
developed as a basis for the development of the algorithms implemented in the 
DSMS. The FTs’ basic events failure rates are continuously updated during 
operation through the output from the analysis of the algorithms implemented in 
the DSMS. In Figure 6 the model components and data sharing between the 
components during operation are presented. 



18 
 

Actual
component

failure status
(where revealed) HW model SS model CMMS

DSMS

Actual HW core
product

Stream Data
(Actual &
simulated)

Bayesian Belief
Network

Failure signals
(actual)

Updated
component

failure models

Updated maintenance
schedules

Actual
component

failure status
(where revealed)

Actual status of maintenance &
maintenance resources

Interaction between hardware and environmental conditions

Future component failure status
(simulated)

& probabilities

Future
component restorations

(simulated)

Output: System availability prediction & other HW performance metrics

Stream data from actual sensor readings

Component failure status (simulation)

Output: SS performance metrics

Future component
failure status
(simulation)

Output: Maintenance
schedules

Data stream
genarator

May store some data

1. 2. 2.

3.

Actual Sensor
System (HW)

Failure signals
(actual &
simulated)

 

Figure 6. Model components and data sharing during operation of FP (Paper A) 

 

4.2 System fault prediction 
Detecting or predicting faults in a timely manner may reduce the downtime of 
the delivered function. Maintenance activities may be planned ahead and 
performed in time before critical system failure occurs. In paper B a newly 
developed fault detection system has been proposed (Figure 7), the fault 
detection system is based on the results reported by Alzghoul and Löfstrand 
(2011), which also have been used as a base for paper A. The newly proposed 
fault detection system has been modified to include different data-stream-based 
linear regression prediction methods. The purpose of the included predictor is to 
predict the data stream, to achieve an earlier indication, or prediction, of 
impeding failures compared to the fault detection system presented in Alzghoul 
and Löfstrand (2011). The fault detection system in paper B has been 
implemented and tested on real data collected from a hydraulic drive system at 
BRMAB. A comparison was made between the fault detection system proposed 
in Alzghoul and Löfstrand (2011) and the new fault detection system proposed to 
evaluate its ability to predict a short-term failure, in this case, an artificially 
created failure: seizure of a hydraulic motor. The results showed an 89 percent 
classification accuracy of the failure using the predicted data stream, which was 
considered a good enough indicator to prevent the short-term failure.    
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Figure 7. The architecture of the fault detection system (The dashed box in red indicates the 
modification done compared to its original appearance in Alzghoul and Löfstrand (2011)).  

4.3 Evaluating functional product availability through simulation   
The ability to evaluate the availability performance of a functional product 
consisting of hardware and service support system has been considered an 
important part of the development process. In paper C a software tool to model 
and predict the availability of a functional product (in this case consisting of 
hardware and support system) through its design details has been developed and 
demonstrated. In the paper, input data from a real industrial example at BRMAB 
have been collected and applied in the software tool to simulate and analyze the 
availability performance as a part of the author’s verification and validation 
strategies. The use of expected values in problems with the possibility of rare 
adverse outcomes is often not sufficient as a decision-making metric. Thus, in 
this paper the partitioned multi- objective risk method (PMRM) has been 
applied to account for the impact of these events. The results from the simulation 
provided an indication of what level of availability may be guaranteed for the 
product; thus, the approach may be used to compare the availability performance 
of different designs.   
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5. Author contribution 
This chapter describes the author’s contribution to each paper 

 

Paper A 

Löfstrand, M, Backe, B, Kyösti, P, Lindström, J & Reed, S (2012), 'A model for 
predicting and monitoring industrial system availability' International Journal of 
Product Development, Vol. 16, No. 2, pp. 140-157. 

 

Author contribution:  

In this paper the author is responsible for collection of data, obtaining full systems 
descriptions and gaining knowledge concerning the functionality of BRMAB 
drive systems. To collect data and achieve this understanding and holistic system 
view several visits to the company have been made, whereby interviews with 
engineers and managers from different disciplines have been performed. Weekly 
telephone meetings have also been held to stay updated and to follow up the 
research progress together with the company. Also, customer visits to study 
installations and interview customers have been made. Workshops have been 
held, whereby the author has participated in fault tree analysis performed in 
collaboration with employees from different engineering disciplines at BRMAB. 
The author, in collaboration with the co-authors, developed the integrated 
availability model and is mainly responsible for elaborating on, and developing, 
the relations between the DSMS model and the HW model. The author has also 
contributed to the literature review and written significant parts of the paper.    

 

Paper B 

Alzghoul, A, Löfstrand, M & Backe, B (2012), 'Data stream forecasting for system 
fault prediction' Computers & Industrial Engineering, Vol. 62, No. 4, pp. 972–978. 

 

Author contribution:  

In this paper the author is responsible for the collection of data, obtaining full 
systems descriptions and gaining knowledge concerning the functionality of 
BRMAB drive systems. A study of a real system at BRMAB has been performed 
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to identify the system failures which are rapidly occurring. Since no failure data 
have been recorded at BRMAB regarding these types of failures, interviews with 
BRMAB engineers who are familiar with these failure types have been 
conducted. Based on this cross-functional work together with the BRMAB 
engineers, the failure pattern of the artificial failure utilized was successfully 
created. The collection of monitored data and the analysis and description of the 
relation between these parameters enabled testing of the newly proposed fault 
detection system presented in this paper. 

 

Paper C 

Löfstrand, M, Kyösti, P, Reed, S & Backe, B (2014), 'Evaluating availability of 
functional products through simulation' Simulation Modelling Practice and 
Theory, Vol. 47, pp. 196-209.  

Author contribution:  

In paper C input data from a real industrial example at BRMAB have been 
collected and applied in the software tool to simulate and analyze the availability 
performance as a part of the author’s verification and validation strategies. The 
author of this thesis has been responsible for obtaining full systems descriptions 
and gaining knowledge concerning the functionality of BRMAB drive systems. 
To collect data and achieve understanding and a holistic system view, several 
visits by the author to the company have been made, as in the case of paper A, 
where interviews with engineers and managers from different disciplines have 
been conducted. Weekly telephone meetings have also been held to stay updated 
and to follow up on the research progress together with the company. 
Workshops have been held, whereby the author has participated in fault tree 
analysis performed in collaboration with employees from different engineering 
disciplines at BRMAB. The author, in collaboration with the co-authors, has also 
contributed to the identification and description of the industrial system example 
of a functional product presented. The author has also written significant parts of 
the paper.   
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6. Discussion and Conclusion 
This chapter discusses the results of the appended papers and concludes the research. 

In the framework developed by Löfstrand et al. (2011), how to model the HW 
and SS to simulate availability is are not described in detail. Thus, in paper A, a 
model to predict industrial system availability was proposed as a response to 
overall research question 1 and the author’s main research question 2. In paper B, 
a newly developed fault detection system has been proposed which, if its results 
were added to the model presented in paper A, would enhance the prediction of 
failures and increase industrial system availability. In paper C, a software tool to 
predict system availability has been developed and demonstrated with data from a 
real industrial system, the software tool is modeled partly based on the ideas 
presented in paper A and by Löfstrand et al (2011). The results from the 
simulation demonstrated in paper C provided an indication of what level of 
availability may be guaranteed for the product; thus, the approach may be used to 
compare the availability performance of different designs. Although the 
simulation tool only includes HW and SS so far, the simulation with data from a 
real industrial system and the addition of the PMRM method to the analysis of 
availability, enables better decision making, and also improves and partly verifies 
the approach in paper A.  

An important result of the model in paper A is the prediction of failures through 
the application of a data stream management system to manage data arriving from 
sensors from the industrial system. Without feedback on component failure rates, 
simulations during operation would not provide any more information than 
those carried out during the development of the product. In the model in paper 
A, the idea is that estimated component failure rates need to be re-evaluated 
constantly through monitoring during operation in order for the supplier to be 
updated on the current system availability. Utilizing this type of model during 
operation would create a certainty for the supplier that the product is performing 
according to contracted specifications. A well-developed monitoring system i.e., 
a robust and reliable monitoring system, would then possibly allow the supplier 
of a product or system to secure availability-based functional contracts.  
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7. Future work 
Based on the theory and results presented in this thesis, a remaining challenge for 
future research lies in the development of fault detection and diagnosis methods 
to produce robust and reliable analysis of system health. To enable monitoring of 
the FP offer as a whole, there is a need for an overarching methodology to 
manage and coordinate the development process of the monitoring capabilities 
needed in the functional products scenario. The responsibility of ensuring that 
the FP offer is performing according to contractual agreements will likely be 
shared between stakeholders in the value chain; thus, monitoring a functional 
product offer will be a concern for all involved, since data and information are 
crucial to mitigate risks.  
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Abstract: This paper describes the integration of a sensor data stream monitoring 
system into a proposed functional product model capable of predicting 
functional availability. Such monitoring systems enable predictive maintenance 
to be carried out – pre-emptive maintenance that is scheduled in response  
to imminent hardware failure – and are in widespread use in industry. The 
industrial motivation for this research is that agreed upon system availability is 
a critical element of any business-to-business agreement regarding functional 
sales. Such a model is important when making strategic choices regarding FPs 
and can be used to develop a high availability product design through 
simulation-driven development, as well as to provide operational decision 
support that reflects the current reality to enable optimal availability to be 
achieved in practice. The proposed model integrates hardware, support system 
and monitoring system models, and is able to incorporate actual operational 
data. It has been partly verified based on previous research.  

Keywords: system availability; functional product; product service system. 
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area of product development for function provision i.e. functional product 
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1 Challenges for simulating industrial system availability 

High availability, achieved through reliability and maintenance is an important customer 
demand which is currently gaining industrial significance. In particular, when entering 
into a business-to-business agreement regarding functional sales, agreed upon availability 
is of the utmost importance, especially since a function’s availability directly influences 
customers’ productivity (Löfstrand et al., 2011). Functional Products (FP) may be seen as 
integrated offerings consisting of Hardware (HW) and Support Systems (SS) (Alonso-
Rasgado et al., 2004) or HW, Software (SW) and services (Brännström et al., 2001). In 
addition, the area of Product Service System (PSS) (Morelli, 2002; Weber et al., 2004; 
Tukker and Tischer, 2005; Morelli, 2006; Baines et al., 2007) contributes research to the 
FP-related area of PSS offerings. In this paper, a functional product is considered as 
consisting of HW and SS, as described by Löfstrand et al. (2011). Löfstrand et al. (2011) 
presented an approach for how models of HW and SS can be integrated to derive and 
optimise the availability of functional products.  

According to Alonso-Rasgado et al. (2004), a typical service support system can be 
divided into a distinct set of four sub-systems. 

Operations planning. 
HW maintenance (and remanufacture). 



      

      

      

   142 M. Löfstrand et al.    

      

      

      

      

Data storage and decision-making. 

Service processing. 

According to Shostack (1982), a service support system can be visualised either by 
molecular modelling or by service blueprinting. Another approach for service support 
system modelling based on structure analysis design technique was presented by Ross 
(1988).

Alonso-Rasgado et al. (2004) stated that: 
Modelling of the proposed service system is a very important stage in service 
development that seems to have received little attention over the years. 
Reasons for this include the lack of an appropriate methodology for services, 
the volume of detail and complexity of the proposed service, time and resources 
required and fundamental differences between new product development and 
new service development, in particular the inability to accurately describe 
human behaviour.  

The challenge identified by Alonso-Rasgado et al. (2004) concerning the problem of 
accurately modelling human behaviour is partly addressed by Löfstrand and Isaksson 
(2010), who present an approach for how to model a process including human behaviour. 
Some additional challenges regarding modelling of human behaviour are addressed in 
Sections 3.3 and 3.4. 

Previously, there have been relatively few suggested simulation-based approaches to 
functionalproductdevelopment. Löfstrand etal. (2005) introduceaschematic representation
of a simulation support tool for functional product development. Karlsson et al. (2005) 
present an information-driven approach for enabling functional product innovation  
based on modelling and simulation. In addition, Alonso-Rasgado and Thompson (2006) 
proposes a computational tool supporting a rapid design process for total-care product 
creation. They discuss combinations of service support system and hardware design. The 
functional product, called total-care product Alonso-Rasgado and Thompson, could 
consist of the following: 

Functional product 

o Hardware

- Mass

- Volume 

- Cost

- Material selection 

- Assembly structure 

o Services

- Service planning 

- Performing maintenance 

- Record keeping 

- Service processing 

- Education

- Cost
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A model for improved system availability prediction of a functional product that 
incorporates HW condition monitoring, and is based on discrete event simulation is 
presented in this paper based on the definition of availability by Andrews and Moss 
(2002) below. 

, approximately in steady state
MTTFUA

U D MTTF MTTR
 (1) 

Here, A refers to system availability, U to total system uptime, D to total system 
downtime, MTTF to mean time to failure, MTTR to mean time to repair,  to mean failure 
rate and  to mean repair rate. Both reducing the component failure rate and reducing
MTTR through developing and using an optimal SS, increases availability. In addition to 
age, the probability of component failure also depends on its environmental conditions, 
system load related to the system duty cycle and its condition. Therefore, HW monitoring 
by, for example, Data Stream Mining (DSM) (Alzghoul et al., 2011) may be used as a 
way to determine the system status and update the component failure probabilities and 
thereby enable the conditional triggering of proactive or reactive maintenance activities 
(known as Predictive Maintenance or PdM). The objective here is to present a model for 
predicting system availability, where the model comprises HW modelling, SS modelling 
and HW monitoring modelling. The model is proposed to be utilised in the enhancement 
of HW availability during two main phases of the lifecycle of a functional product: 
during product development through simulation-driven design and during product 
operation through provision of operational decision support. 

In order to apply the model to a real-world system, certain data for that system must 
be collected and analysed. In this paper, a description is given of how data for a system 
from an industrial partner have been collected through industrial archival records and 
interviews with industry personnel. The techniques for processing this data into a format 
suitable for the model, such as Fault Tree Analysis (FTA) and Block diagrams, so that it 
can predict system availability are also given. By monitoring an industrial HW system, 
faults and failures can sometimes be predicted and detected before any loss of function 
occurs, facilitating predictive maintenance and resulting in increased availability. One 
such proposed monitoring system utilises the system fault trees to develop textual filters 
implemented within a Data Stream Management System (DSMS) to provide this 
information to the model which can then update its availability prediction for the system 
and provide decision support by suggesting an appropriate maintenance response. How 
such a system would be integrated in the model, both in the product development and 
product operation phases are explained in this paper. 

The paper is organised as follows: Section 2 presents the research approach, Section 3
presents suggested components needed to enable simulation of industrial systemavailability, 
Section 4 presents the proposed model and Section 5 includes discussions and conclusions. 

2 Research approach 

This research has been carried out in collaboration with the Swedish company Hägglunds 
Drives AB owned by the Bosch Rexroth group. Hägglunds Drives AB is a multinational 
industrial corporation that sells hydraulic drive systems with a high level of availability. 
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2.1 Industrial partner needs 

An understanding of industrial partner needs is achieved by applying Hägglunds Drives 
AB’s knowledge and experience to identify critical hardware-related parameters that 
must be monitored in order to increase system availability. The needs of Hägglunds 
Drives AB related to this work have been identified as: 

Increased understanding of system availability and associated costs. 

DSMS monitoring is needed when running systems closer to peak operational 
efficiency, which increases system pressure and wear. 

Decision Support System (DSS) (whereby it should be possible to simulate system 
fleet availability, incorporating hardware operational status by use of DSMS, to 
provide decision support). 

Improving the possibility of providing customers with integrated product service 
offerings or FPs.  

2.2 Data collection and analysis 

By interpreting industrial partner needs and using the definition of availability by 
Andrews and Moss (2002), the necessary data to collect were identified. Subsequently, 
data regarding previous failures and failure rates were collected via: 

Archival reports such as: lists of failures, previously monitored operation field data 
and system data (manuals, CAD models, calculations and technical specifications 
(Yin, 2006). 

Elicitation of knowledge and experience by semi-structured interviews (questionnaire, 
iteration, complementary questionnaire and sequential analyses). 

Also, literature and state of practice review were performed. The reliability of the 
research was increased by using multiple data sources (see above) and the validity of the 
result was increased by triangulation. 

2.2.1 Hardware data collection and analysis 
Semi-structured interviews (Kvale and Brinkmann, 2006) regarding HW-related issues 
were carried out with nine professionals at the industrial partner company. Furthermore, 
four semi-structured interviews were held with four professionals representing a 
customer of the industrial partner company. In addition, two workshops, comprising one 
day and three days, were held with 15 people and seven people from the industrial 
partner company, respectively. The interviews lasted for approximately one hour and 
were documented through case notes and recordings. Representing the industrial partner 
company were: 

Site manager 

Design Manager 

Development controls Manager 

Design engineer and PhD student 

Two service technicians 
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Two service engineers 
Aftermarket business development manager 

Representing the customer company were: 
Research coordinator 
Maintenance technician 
Two maintenance engineers 

Material describing the background of the case and a questionnaire were sent to the 
interviewees to prepare them prior to the interview (Kvale and Brinkmann, 2006). The 
questionnaire covered common system and component failures, root failure causes, 
failure rates and failure criticality. The collected data were categorised and analysed 
using sequential analysis (Miles and Huberman, 1994). After the HW-related data 
collection, the authors compiled a summary of the collected material. Case analysis 
meetings (Miles and Huberman, 1994) were held with the research team to discuss the 
summarised results and to refine the focus and questions for a second round of 
interviews. Based on categorising and analysis of the collected data, fault trees were 
developed with the aid of the engineering knowledge and experience of researchers and 
personnel at Hägglunds Drives AB. Textual filters for describing relations between 
various HW parameters were created and expressed as pseudo code. While the textual 
filters are important, they are not further described in this paper, since they are complex 
and specific to the industrial system hardware. In addition, various hydraulic schematics 
including mounting points for sensors were developed to aid researchers as well as 
industrial partner understanding. 

2.2.2 Support system data collection and analysis 
Semi-structured interviews regarding SS-related issues were carried out with five employees 
at the industrial partner company. Furthermore, four semi-structured interviews were 
held with employees representing a customer of the industrial partner company.  
In addition, two workshops comprising one day and three days were held with 15 and 
seven professionals from the industrial partner company, respectively. Interviews lasted 
approximately one hour and were documented through case notes, recordings and by 
sketching up the maintenance procedures on location. Representing the industrial partner 
company were: 

Site manager 
Two service technicians 
Service engineer  
After-market business development manager 

Representing the customer company were: 
Research coordinator 
Maintenance technician 
Two maintenance engineers 

Material describing the background of the case and a questionnaire were sent to the 
interviewees to prepare them prior to the actual interviews (Kvale and Brinkmann, 2006). 
The aim of the questionnaire and the interviews was to determine what critical failures 
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might occur in the system. Also, the relevant failure rates and related activities required 
to remedy the failures were included. Finally, the necessary sequences and associated 
activity times were of interest, since this information was deemed essential for modelling 
the support system. The collected data were categorised and analysed using sequential 
analysis (Miles and Huberman, 1994). After the SS-related data collection, the authors 
compiled a summary of the collected material. Case analysis meetings (Miles and 
Huberman, 1994) were held with the research team to discuss the summarised results and 
to refine the focus and questions for a second round of interviews. 

Based on categorising and analysis of the collected data, block diagrams representing 
maintenance procedures were developed with the aid of the engineering knowledge and 
experience of researchers and personnel at Hägglunds Drives AB. 

3 Enabling availability simulations 

The method for identifying the components needed for predicting industrial system 
availability is based on four cornerstones. 

The definition of availability (Andrews and Moss, 2002). 

The current research in the authors’ research group (Löfstrand et al., 2005, Alzghoul 
and Löfstrand, 2011; Alzghoul et al., 2011; Kyösti et al., 2011; Löfstrand et al., 
2011). 

Skills of the author’s national and international research partners. 

Current literature on functional product design and PSS design. 
The four cornerstones listed above led to the identification of the following components 
to be included in the framework presented in this paper: Simulation-Driven Design 
(SDD), hardware component and system modelling through Fault Tree Analysis (FTA) 
and Failure Mode Effect (Criticality) Analysis (FME(C)A). Finally, support system 
modelling (Kyösti et al., 2011), comprising modelling maintenance procedures and 
sensor systems, the latter to enable data stream mining (Golab and Özsu, 2003; Golab 
and Özsu, 2010) are to be included as components of the suggested simulation framework.  

3.1 Hardware component and system modelling  

Models of HW can be developed in various different ways such as CAD models, FEM 
models and CFD models. For this particular paper, HW was modelled using fault trees, 
since failure analysis methods such as FME(C)A and FTA are commonly used in 
reliability and risk assessment (Andrews and Moss, 2002). Using FME(C)A the 
component failure modes can be explored, whilst using FTA the system failure modes 
can be explored. Human behaviour in the form of errors can be included in component 
failure rates according to Vesely et al. (2002). FTA is widely used in different industries 
(Ericson, 1999). 

3.1.1 Fault tree analysis 
FTA is a tool for reliability analysis (NUREG-0492, 1981; Andrews and Moss, 2002; 
Smith, 2005) and fault diagnostics (Hu, 2003). FTA is a logical way of describing 
relations between an unwanted event in the system and the causes of this event (NUREG-
0492, 1981). FTA has been employed in different methods for diagnosing failures 
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(thereby increasing availability) in manufacturing and industrial systems such as those 
described by Hu (2003) and Geymayr and Ebecken (1996). FTA has been identified by 
NASA (Vesely et al., 2002) as a suitable tool to provide information for supporting 
decision-making. Vesely et al. (2002) state that the use of FTA as a proactive tool to 
prevent the top event (failure) and for evaluating upgrades to the system has been shown 
to be most beneficial. Discrete event simulation is used to determine component failure 
times and, through the fault tree logic, the corresponding failure times of the product  
sub-systems. 

3.1.2 FTA as a basis for hardware system monitoring 
In this research, FTA is used to identify needed parameters for monitoring Hägglunds 
Drives AB’s industrial system. The FTA is based on employees’ industrial knowledge, 
experience and previous FME(C)A (MIL-STD-1629a, 1980) performed at Hägglunds 
Drives AB. FME(C)A provides an initial evaluation tool and aids decisions as to whether 
to construct fault trees and what to detail. To develop the textual filters for monitoring 
purpose, the FTs’ basic events are analysed to determine what parameters (temperatures, 
pressures, angular speed, vibration, etc.) in the system influence the failure rate of the basic 
events and should therefore be monitored. For each basic event in the tree (representing 
component failure) unconditional (baseline), failure rates are estimated based on previous 
similar system data, industrial knowledge and experience. An example of a sub-tree  
from an FTA is presented in Figure 1. (Basic Event 2 and Basic Event … of Figure 1 are 
intended to signify that other possible events and basic events may also be possible.) 

Figure 1 Sub-tree of a water-oil cooler 

Event 2

Water – oil 
cooler, loss of 
cooling effect

Watervalve
fails to open

1

Temperature 
sensor

malfunction

Fuse 
malfunctionDisrupted coil

Event ...

Basic 
event 2

Basic 
event...

Basic 
event 2 

Basic 
event… 
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The textual filters are expressed as pseudo code (IF-THEN-ELSE statements), since this 
is a good way to create a common understanding among the researchers and industrial 
personnel. The IF-THEN-ELSE statements are used for development of queries for 
monitoring the system. Cooler functionality is evaluated by relations and readings from 
sensors. The filters provide input to algorithms implemented in the DSMS, which gives 
an overall picture of the system status. The related textual filter for the tree is based  
on the trees’ events and basic events. The suggested measurement points (T1, T2, T3  
and T4) are indicated in Figure 2. 

Figure 2 Industrial hydraulic water-oil cooler scheme 

T1

T2
T3

T4

Outlet oil

Inlet oil

Water valve

T5

3.2 Support system modelling 

In this paper, the support system is seen as an integrated part of a functional product and 
consists of those activities outside of the HW design that are intended to increase HW 
availability. The modelling of the support system components is discussed in this section. 

3.2.1 Maintenance procedure modelling 

One representation of a maintenance procedure, the repair of a water-oil cooler is 
presented in Figure 3. This maintenance procedure contains the actions required to 
restore system function during planned stops, operation and unplanned stops. In such a 
maintenance procedure, each task has the option of distributed completion times and a 
list of resource requirements to pass the task, such as discussed by Reed et al. (2010). 
The simulation of the execution of a maintenance procedure is performed using a Petri 
net (Petri, 1962; Schneeweiss, 1999) representation of the procedure. The method of SS 
modelling builds on a case study on simulation of a support system presented by Kyösti 
et al. (2011). 
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Figure 3 Maintenance procedure for repair of water-oil cooler (see online version for colours) 
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According to Alonso-Rasgado et al. (2004), an SS is suggested to include all actions 
required to ensure that a certain function is provided to the customer. This total support 
system includes: 

Actions on hardware (remanufacture, spares provision and on-site work). 

Decision-making and forecasting. 

Operations planning and data collection storage. 

Intellectual property (education of users and suppliers). 

Since the objective of this paper is to be able to calculate and predict availability 
(Andrews and Moss, 2002), only actions on hardware and resource databases are 
included in the support system. Decision-making, forecasting and data collection storage 
(sensor readings/trend analysis) are included in the monitoring part of this system. This 
design enables the SS to be modelled with structures, such as: parallel tasks, failed tasks 
resulting in rework, concurrent usage of resources, topological/sequential changes, 
number and qualification of personnel, failure rate and degradation models for HW. 
Human errors are included in the model by distributed task completion times and through 
variable task sequences (e.g. additional corrective tasks if an error occurs). Differences 
between the herein proposed model and Alonso-Rasgado’s et al. (2004) are further 
discussed in Section 5. 

3.2.2 Data stream management system and sensor modelling 

The DSMS monitoring system performs queries on the data streams produced by the 
system sensors to detect conditions that indicate increased probabilities of a component 
failure. Based on previous research (Alzghoul and Löfstrand, 2011; Alzghoul et al., 
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2011), developing queries for data stream mining for monitoring equipment can be  
a challenge. This is because the parameters’ relations as well as their cause and effect 
relations are often complex. Machine learning can therefore be a useful means for 
training the DSMS queries to determine which conditions represent the possibility of 
component failure. This training can take the form of unsupervised learning, where the 
DSMS looks for conditions that are different from the normal operating conditions or 
supervised where it is given feedback on the conditions that represent failures. In this 
way, the DSMS is able to predict failures before they occur and identify potentially 
harmful system trends. For example, queries performed by the DSMS on a data stream 
from an oil particle counting sensor on a pump lubrication line might detect an increased 
rate of particle growth in the oil, indicating imminent mechanical pump failure. Since the 
DSMS is a software tool, it can be incorporated into the functional product model 
explicitly without the need for development of a separate model. 

The sensor systems within a functional product provide the input data streams for the 
DSMS and must therefore be modelled within the functional product model. Each sensor 
measures some specific variable within the HW environment, e.g. pump cooling oil 
temperature or bearing vibration level. These environmental variables will depend on 
HW states and product loading. The sensors map the states of these variables to a reading 
that is either binary or analogue within a given range. Sensor measurements may also 
contain noise, resulting in a difference between the measured and actual state of the 
variable, and may also fail resulting in an erroneous output. The modelling of the sensor 
system within a functional product will therefore be composed of two parts: 

A model of the environmental variables that are indicators of HW reliability. These 
will be functions of the HW system states and product loading. 

A model of the sensors which map these environmental variable states into the data 
streams that provides an input to the DSMS. 

4 A model for predicting and monitoring industrial system availability 

The model proposed builds on research concerning SDD by Lockwood (2009) and 
Jackson (2006). The HW structure modelling is based on Vesely et al. (2002), while the 
SS modelling is exemplified by Reed et al. (2010) and Alonso-Rasgado et al. (2004). 
Additionally, Löfstrand et al. (2011) and Karlsson et al. (2011) are part of the verification 
of the model proposed in this paper. DSM, as discussed by Alzghoul and Löfstrand 
(2011) and Alzghoul et al. (2011), also impacts on the model presented in this paper. In 
addition, further ongoing work includes abstractions and process level interactions on a 
less technical level, as exemplified by Lindström et al. (2012a, 2012b). Thus, the 
research and results presented in this paper are partly verified.  

The model components discussed in the previous section must be integrated to form a 
functional product model for predicting system availability. The integrated HW, SS and 
monitoring systems are shown in Figure 4. The model components are implemented in 
the C# programming language (ECMA, 2006) and Super Computer Stream Queries 
(SCSQ) (Zeitler and Risch, 2010), as shown. Also, a graphical interface could be created 
for end users. This interface should ideally enable users to modify the architecture of the 
product design within the model and change both values of input parameters and desired 
output parameters. The output offers valuable data for evaluation of the industrial system 
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availability and resource utilisation and can be used for decision support. Figure 4 also 
shows some key outputs of the model components, namely The Mean Time to Failure 
(MTTF), Mean Time to Repair (MTTR) and predicted component failures. 

Figure 4 Proposed model for simulating industrial system availability (see online version for 
colours)

The model can be used in two contexts, namely: 

During the development of the product (SDD). 

During the operation of the product (DSS). 

During product development, the hardware, service support system and monitoring system
do not yet to exist. The design is developed through SDD (e.g. identification of parameters, 
parameter relationships, cause and effect relationships in the industrial system, training 
DSMS algorithms, etc.), i.e. modelling and simulating the product at each design 
iteration to obtain a product design with the desired performance characteristics, e.g. 
expected availability. Figure 5 shows the components of the functional product model in 
more detail, along with the data sharing between them during the product development 
phase. The numbered outputs in the diagram correspond to those in Figure 4. As shown, 
the data stream generator is fed data from the hardware model, since the output of the 
sensors is in part a function of the hardware status. The DSMS then feeds its output  
data, the failure signals to the SS model. This allows the development of predictive  
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maintenance strategies during product development, e.g. if trends signifying future 
failures in the system are detected by the DSMS, then the SS model will receive the 
failure signals allowing it to schedule proactive maintenance. The DSMS can be trained: 

Whilst integrated in the functional product model. In this mode, supervised learning 
can be provided through feedback to the DSMS on component failures that occur 
during the simulations. In this way it can learn to determine any data stream patterns 
that tend to occur prior to component failures. This has the advantage that the DSMS 
can be developed in conjunction with the rest of the FP and that the training data 
stream is realistic in the sense that it corresponds to the current product design. 

In isolation from the functional product model. In this mode, a data stream 
representing normal operation is interspersed with data stream representing HW 
faults at random intervals. Since the HW fault data streams are identified, the DSMS 
can learn to associate them with the component failures. This has the advantage that 
integration is not required prior to training and that the SS system model will not be 
polluted with spurious failure signals produced by a DSMS that is not fully trained. 

Figure 5 Model components and data sharing during product development phase (see online 
version for colours) 
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Once the product is operational, data on the actual state of the functional product, for 
both HW and SS can be fed into the model so that it can update to the current state. The 
model is then able to simulate forward from the actual FP state, improving the accuracy 
of its performance predictions and enhancing its capabilities as a DSS.  
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Figure 6 shows the model components in more detail, along with the transfer of data 
between them during the operational phase. Again, the numbered outputs in the diagram 
correspond to those in Figure 4. It shows that: 

The actual output from the DSMS is used to update the component failure rates 
within the HW model, through a Bayesian Belief Network. 

Any known hardware states, i.e. those components that are known to be either 
working or failed in the operational functional product are used to update the HW 
model. 

Information from the CMMS with respect to the current maintenance situation is 
used to update the SS model. 

Figure 6 Model components and data sharing during operational phase (see online version  
for colours) 
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Figure 6 also shows that the model can help with decision support by updating 
maintenance schedules. Since the SS will have been developed during product development 
through SDD to react to the failure signals from the DSMS in the optimal way (e.g. by 
scheduling PdM), when actual DSMS signals from operation are fed into the model, it is 
able to update the maintenance schedules in the CMMS in an optimal way. During 
product operation therefore, the model is constantly updating to the current situation and 
then projecting forward to probabilistically determined future outcomes through simulation. 
It can therefore provide operational decision support and product performance predictions 
that reflect the current system status. 

In summary, the main differences between modelling a functional product during 
product development and product operation are: 
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The primary way in which the model is used – during product development for SDD 
and during product operation as DSS. 

That during product operation phases, the monitoring system model will incorporate 
live data related to the product status (both HW and SS). 

5 Discussion and conclusions 

One approach to address FPD is taking existing industrial HW as a starting point. Using 
knowledge and procedures from existing HW development, while having good system 
knowledge, adequate system descriptions, updated system simulation and optimisation 
procedures are the good base for increasing system availability. These points may then be 
used for predicting (functional) product availability by simulation and optimisation. 
Optimisation in turn decreases the risk of selling a function if the correct target function 
can be developed. Another approach to decrease the risk of selling a function is to 
monitor systems in use. By having better monitoring of critical systems and system 
parameters, failures can be predicted and maintenance carried out before failure or 
damage occurs, thus increasing system availability. Both approaches benefit from having 
a starting point consisting of an industrial case and a tentatively agreed upon system 
description on which to base discussions. 

In this paper, a discrete event simulation-based model for predicting system 
availability, including suggested modelling and simulation techniques is proposed. It has 
been partly verified, as exemplified by Löfstrand et al. (2011), Alzghoul et al. (2011), 
Kyösti et al. (2011), Reed et al. (2010) and Alzghoul and Löfstrand (2011). Furthermore, 
the purpose of this paper is to show an integrated approach to simulate functional product 
availability that incorporates a DSMS-based HW condition monitoring system. The 
authors consider that cost and revenue should also be included in a complete model. 
However, these are not within the scope of this paper. 

In comparing the proposed model to other simulation-based approaches for functional 
product development, some points can be identified. 

While Alonso-Rasgado et al. (2004) have developed a computational tool concept of 
a functional product with the intention of creating a graphical representation of all of 
its constituents; the model presented here aims to give an overview of how the HW, 
SS and monitoring system should be connected to enable simulation of system 
availability and resource utilisation. 

Shostack (1982) and Alonso-Rasgado et al. (2004) have the goal of developing valid 
and detailed descriptions of industrial systems. This paper presents an approach 
based on a specific set of cornerstones and is useful when it comes to simulating and 
optimising industrial system availability including functional product availability. 

The monitoring part has been given greater scope and is presented as a separate 
entity as compared to Shostack (1982) and Alonso-Rasgado et al. (2004). 

The model developed and discussed in this paper does not aim to do the same as 
Shostack (1982) and Alonso-Rasgado et al. (2004), but to present an approach for 
increasing industrial system availability by enabling simulation-driven product design 
during product development and by providing operational decision support during its 
operation. The components of the model and the integration of those components have 
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been shown in detail. The description shows how the inclusion of the DSMS within the 
model enables it to be used to develop high-availability functional products that utilise 
predictive maintenance. It also shows how the output from the DSMS during operation 
can be fed into the model, along with other data on the FP’s current status, to allow it to 
update its predictions and provide updated maintenance schedules through the CMMS. 
Additionally, a description is given of how the DSMS can be trained to detect imminent 
HW failure when integrated with or isolated from the FP model. 
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a b s t r a c t

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 streammining 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 predict-

ing 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 accu-
racy 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.

� 2011 Elsevier Ltd. All rights reserved.

1. Introduction

Understanding and improving the maintenance phase of the
lifecycle of a product is crucial for achieving the goal of high reli-
ability, maintainability and thus availability (Alzghoul & Lofstrand,
2011). Analyzing the data, which are produced during the time of
operation and maintenance phase of a product, is the most com-
mon way to achieve the aims of maintenance tasks such as reduc-
ing failures and their consequences.

Data analysis methods have passed through different stages
along with the newly developed technologies and new require-
ments. Statistical exploratory data analysis, machine learning algo-
rithms, distributed and parallel data mining, and data stream
mining are examples of these stages (Gaber, Zaslavsky, &
Krishnaswamy, 2005). 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 (Alzghoul & Lofstrand, 2011).

Alzghoul and Lofstrand (2011) 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 algo-
rithms were able to achieve a high classification accuracy which
can be utilized to detect failures at an early stage, thereby increas-
ing 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 re-
search 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 predic-
tion up to a minute into the future while long-term predictions re-
fer 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 s under some conditions e.g., insufficient lubrication (Dufrane
& Kannel, 1989). Therefore, the capability to predict the next
10–20 s of data could enable the operator to prevent seizure if
responses are sufficiently fast.
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1.1. Literature review

Data prediction can reduce the communication consumption in
distributed data stream processing (Tian, Li, & Zou, 2006). This can
be done by using two identical prediction models, one at the coor-
dinator 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 (Tian et al., 2006).

There are several data stream prediction algorithms. A method
based on wavelet transform and Least Squares Support Vector Ma-
chine (LS-SVM) was proposed by Kong, Shi, and Yuan (2008) to
predict the time series data stream. They used incremental algo-
rithms for LS-SVM to save time. An incremental hidden markov
model was used by Wakabayashi and Miura (2009) to predict data
stream. Wakabayashi and Miura (2009) used incremental Baum–
Welch algorithm for online training to overcome the problem of
scanning historical data many times. Guo-hui, Pei, Hui, Hai-bo,
and Na (2007) used gene expression programming (GEP) for pre-
dicting the aggregated value over data streams. Also, a data stream
can be considered time series data, since it has sequential charac-
teristics (Chai, Kim, Jin, Hwang, & Ryu, 2007). Therefore, we can ap-
ply the time series prediction methods on data stream. An
extensive literature review of time series forecasting was con-
ducted by De Gooijer and Hyndman (2006). They provided a selec-
tive guide to the literature on time series forecasting by
summarizing over 940 papers published during the period 1982–
2005. De Gooijer and Hyndman (2006) classified the 940 papers
according to the models used, such as: exponential smoothing, AR-
IMA models, long memory models, nonlinear models, state space
and structural models and the Kalman filter. Examples of research-
ers who have applied time series prediction methods include
Davey, Hunt, and Frank (2001), who used Artificial Neural Network
(ANN) for time series prediction; Sarkka, Vehtari, and Lampinen
(2004), who predicted time series using Kalman smoother, and
Yaik et al. (2005), 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 (Qiu-yan, 2010), had been
used by several researchers for data stream prediction (Chai et al.,
2007; Iwata, Nakashima, Anan, & Ishii, 2006; Jian-Zhong, Long-
Jiang, ZHANG, & Wei-Ping, 2005; Meng & Zhuang, 2009; Qiu-yan,
2010). For example, Meng & Zhuang proposed a linear regression
model based on tendency correction for stream prediction (Meng
& Zhuang, 2009). To modify the prediction function parameters
they used weighted moving average and exponential smoothing
methods. Their results showed that using the exponential smooth-
ing 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
(Alzghoul & Lofstrand, 2011). In addition, a model which employs
a data stream predictor to improve the functionality of the fault-
detection system, which was proposed in (Alzghoul & Lofstrand,
2011), 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 (Alzghoul & Lofstrand,
2011), polygon-based method (Kargupta et al., 2004), and one-
class support vector machines (OCSVM) (Matthews & Srivastava,

2008) 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
Alzghoul and Lofstrand (2011), was able to attain an acceptable
performance of around 89% classification accuracy when using pre-
dicted data.

This paper is organized as follows: Section 2 presents the re-
search followed in this work. Section 3 presents the data set used
in the different experiments. Section 4 discusses the applied algo-
rithms. Section 5 presents and discusses the experiments results.
Finally, Section 6 presents conclusions and future work.

2. Research method

The research method included two steps. The first step was to
identify the predictor and its characteristics based on the perfor-
mance evaluation of the different prediction algorithms. The sec-
ond step was to apply the fault detection algorithms, according
to a new proposed fault detection system (see Section 2.2, the pro-
posed fault detection system), on both the predicted data and the
real data and compare their results.

2.1. Identifying the predictor

According to Gu, Papadimitriou, Yu, and Chang (2008), there are
three challenges in predicting data stream: the method should be
light-weight, it should work online and it should be adaptive. Fur-
thermore, Qiu-yan (2010) 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) (Qiu-yan, 2010) were
subsequently tested on the data collected from a Hägglunds Drives
AB hydraulic motor system (further reported in Alzghoul &
Lofstrand, 2011). 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).

Fig. 1 below is used to illustrate the different methods used for
testing. Fig. 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

w1
w2

w3

Time
T1 2T 3T T4 T5 T6

TL

T7

Fig. 1. Sliding windows over time.
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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.

According to the previous information, the following four meth-
ods for data stream prediction have been defined and used:

� Method 1:

Method 1 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.

� Method 2:

Method 2 is based on the linear regression method. The data be-
tween times T4 to T5 were used to estimate the parameters of the
linear function which was used for prediction.

� Method 3:

This method is similar to the first method (Method 1) but Meth-
od 3 uses the data between times T1 to T4 to estimate the
parameters.

� Method 4:

This method is similar to Method 2, but Method 4 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
Method 1 and Method 3, which use the ES_LRA algorithm, depend
on the value of the smoothing coefficient (a). Different a values
were tested for every experiment and the ones achieving the min-
imum MAE were selected.

2.2. The proposed fault detection system

The fault detection and prediction system proposed in this pa-
per is based on the fault detection system presented previously
by Alzghoul and Lofstrand (2011). 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 (Alzghoul & Lofstrand, 2011). 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 Fig. 2. The DSMS is responsible for con-
trolling and managing the generated data stream from the data
source, the SuperComputer Stream Query processor (SCSQ) (Zeitler
& Risch, 2006) 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 the first pro-
cess). If the function detects a failure, the fault prediction alarm is
switched on.

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/min, 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 de-
scribed 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 (Alzghoul
& Lofstrand, 2011) and polygon-based method (Kargupta et al.,
2004) use the first two principal components of the data.

� It is faster and simpler to predict one variable, rather than pre-
dicting 22 variables separately.

The selected data were collected when the hydraulic motor was
running for 14 h continuously at a constant motor speed. Thereaf-
ter, the first principal component was calculated from the selected
data. Fig. 3 shows the distribution of the first principal component
of the selected data.

In addition, the Matlab function interp1 has been used for inter-
polation purposes. This function was used to get data every second,
using the data which was sampled at the rate of 1 sample/min. 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 (Alzghoul & Lofstrand, 2011) was ap-
plied 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

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

Fig. 2. Flow chart for the proposed fault detection and prediction system.
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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 pre-
diction 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 meth-
od. With the linear regression method, the parameters of the linear
function that fit the training data were found (the data used to esti-
mate 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 (a) through the exponential
smoothing method to adjust the estimated parameters. Further de-
tails of the ES_LRA algorithm can be found in (Qiu-yan, 2010).

4.2. The applied algorithms for fault detection

Three algorithms were used for fault detection purposes: Grid-
based classifier (Alzghoul & Lofstrand, 2011), polygon-based meth-
od (Kargupta et al., 2004), and one-class support vector machines
(OCSVM) (Matthews & Srivastava, 2008). These three methods
were selected, since they have been tested on the data collected
from a Hägglunds Drives AB hydraulic motor system in (Alzghoul
& Lofstrand, 2011) and showed good performance. Brief descrip-
tions of these methods are as follows:

4.2.1. 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 informa-
tion regarding the training data points i.e., the data which we nor-
mally 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 informa-
tion, 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 (Alzghoul & Lofstrand, 2011).

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 be-
longs to a specific class, and the method can be easily modified
to be incremental or used for one-class classification problems
(Alzghoul & Lofstrand, 2011).

4.2.2. 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 repre-
sent the specific class. K-means clustering algorithm can be used,
for example, to find these clusters. The last stage is to find the poly-
gons 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 check-
ing whether the data point falls into the specific class polygons or
not. If so, that indicates that the new data point belongs to the spe-
cific 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 (Kargupta et al., 2004).

4.2.3. 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 catego-
ries (Duda, Hart, & Stork, 2001). 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 nonlinear 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 at-
tempts 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
(Duda et al., 2001; Haykin, 1999; Zheng & He, 2007).

5. Results

In this section the results from testing the different prediction
methods and the results from using these predictors in the pro-
posed fault detection system are presented and discussed.

1.5 2 2.5 3 3.5 4 4.5 5 5.5
0

20

40

60

80

100

120

140

First principal component

Fr
eq

ue
nc

y

Fig. 3. The distribution for the first principal component of the data.
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5.1. Prediction methods results

Fig. 4 shows the performance of the different methods using dif-
ferent window sizes and different overlap sizes. The results pre-
sented in Fig. 4 were obtained using the data which have 1
sample/s rate i.e., the window size axes in Fig. 4 are in seconds.

Fig. 4 shows that Method 1, Method 2 and Method 3 perform
better than Method 4 in predicting the next 10–100 s. However,
the prediction error of Method 4 starts to decrease after having
windows of around 100 s and starts outperforming the other meth-
ods. We also see that Method 1, Method 2, and Method 3 perform
differently when using different overlap sizes. But, generally, we
can observe that Method 3 outperforms Method 1 and Method 2.

Fig. 5 shows the performance of the different methods by using
the data which have a rate of 1 sample/min. It is clear that Method
4 outperforms the other methods. On the other hand, Method 3
outperforms Method 1 and Method 2. Method 1 and Method 2 per-
form differently, depending on the overlap size.

As can be seen from the results, while Method 1, Method 2 and
Method 3 perform well in short-term prediction, Method 4 per-
forms better in long-term prediction. The interpretation of these
results is that Method 1 and Method 3 adjusted their parameters
according to the last received data, andMethod 2 estimated its pre-
diction function parameters according to the last received data. For
this, the prediction functions for Method 1, Method 2 and Method
3 were able to predict the next short-term data successfully. On the
other hand, Method 4 used more historical data, which makes it
more successful in predicting long-term data.

The value of a will determine the behavior of Method 1. For
example, if a is small, then Method 1 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 a is large, then Method 1 will give more importance
to the new data. Also, as seen in Fig. 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 s, the best achieved performance remains the same i.e.,
MAE is around 0.7 (see Fig. 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 s or less is used. Therefore,
for further testing, a window size of 60 s 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 algo-
rithm parameters optimization).

– Number of data point (or windows) which were used for train-
ing 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
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certain set of data for forecasting. The limits are defined by the use-
fulness 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 func-
tion and the other part to adjust the estimated parameters. There-
fore, 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 (Alzghoul & Lofstrand, 2011). 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 final-
ly 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 s i.e.,
the window size is 60 s, using overlap size equal to 20% of the win-
dow size (see Fig. 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. 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 clas-
sification accuracy depending on the fault detection algorithm. The
highest classification accuracy for the prediction methods was ob-
tained when using the Grid-based classifier. It was also noted that
the performance changes according to the prediction method. Gen-
erally, Method 2 and Method 3 outperform Method 1 and Method
4. However, Method 1 achieved a very close performance to Meth-
od 2 and Method 3 and outperforms Method 4.

Comparing Method 2 and Method 4 a significant difference in
performance is noted. The reason is that Method 2 depends only
on the most recent data i.e., the overlap area, which will allow
Method 2 to perform well in short-term prediction. On the other
hand, Method 4 is based on more historical data, which will allow
it to perform well for long-term prediction, as noted in the previ-
ous section.

The results show that the classification accuracy is reduced
when the predicted data are used. However, the classification accu-
racy is still acceptable when the predicted data are used. For exam-
ple, when Method 2 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 meth-
ods which used more historical data perform better in long-term
prediction. On the other hand, the methods which used the most
recent data 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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a b s t r a c t

A functional product is an integrated package consisting of hardware, software and a
service support system that provides a customer with a certain function and is sold under
a performance-based contract that includes a functional availability guarantee. For the
availability performance, prediction, optimisation and management of risk are therefore
important concerns during product development. This paper describes a software tool that
can generate an integrated model of a functional product from its design details and ana-
lyse it through simulation to provide availability performance information. The model’s
application to the analysis of a real industrial system is demonstrated. Such tools are
important for the development and widespread adoption of functional products. The
resulting analysis gave an indication of a suitable guaranteed functional availability level
for the product and could be used to compare the performance of different design options.

� 2014 Elsevier B.V. All rights reserved.

1. Introduction

A functional product (FP) [1] is an integrated package consisting of hardware, software and a service support system [2]
provided by a supplier with the purpose of delivering a specific function to the customer. The service support system
includes the provision of maintenance services designed to keep the hardware delivering its function, according to the
definition by Alonso-Rasgado et al. [1]. The concept of functional products is related to other concepts such as product
service systems (PSS) [3] and Total Offers [4]. Since the delivery of the function to the customer is managed by the supplier,
functional products are sold to customers under performance-based contracts which specify functional availability guaran-
tees. The functional availability a product achieves in a certain time period is defined by Eq. (1), where U is the functional
uptime and D is the unplanned functional downtime accumulated within that period.

Ai ¼ Ui=ðUi þ DiÞ ð1Þ
Unplanned downtime is initiated by hardware failures and ends when a maintenance restoration is completed. O’Connor [5]
divides this downtime into three areas:
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1. Preparation time: finding the person for the job, travel, obtaining tools and test equipment, etc.
2. Active maintenance time: actually doing the job.
3. Logistics time: waiting for spare parts, tools and facilities once the job has been started.

In hardware sales, customers bear uncertainty in the availability of the required function which may be critical to their
business, yet many factors influencing it, such as the hardware design, are beyond their control or domain experience. In
contrast, a functional product offers customers some certainty in the functional availability achievable whilst the provider,
who is best placed to do so, manages its provision, allowing the customer to concentrate on the core competencies of their
business. Compared to material contracts, functional product contracts also expose the provider to increased financial and
reputational risk. If the functional product fails to achieve the availability level guaranteed in the contract, then the provider
will incur financial penalties and a potential loss of reputation that may impact future sales. Any functional product is
susceptible to a certain level of uncertainty in the functional availability actually achieved during operation, due to the many
random processes involved, e.g. hardware failure and repair rates. The provider must therefore consider the risk of under-
performance, in addition to expected performance, when analysing a functional product design. Supporting this viewpoint
is the fact that interviewees have expressed the desire to understand and minimise the risk of rare but high adverse conse-
quence outcomes.

The prediction and optimisation of functional product availability performance is an important part of the product devel-
opment process and requires the construction and analysis of an appropriate model of the product design. Current research
publications suggest a range of models which might be adaptable to support optimisation of separate elements of a func-
tional product. For example, Johansson and Jägstam [6] suggest simulation-based optimisation of maintenance planning
to reduce downtime, Öner et al. [7] present an analytical approach to the optimisation of component reliability to minimise
downtime and costs, and Li and Thompson [8,9] developed a modelling approach that utilised simulation to analyse the per-
formance of maintenance services in support services. In addition, more general methodologies have been implemented
within commercial tools that are in widespread use within industry. Examples include OPUS 10 [10], from Systecon AB,
for the optimisation of spare-parts inventories and Availability Workbench [11], from Isograph Ltd., for the simulation of
hardware availability. These commercial tools have a practical advantage in that they only require the user to provide a
description of the system to be modelled, from which the generation and analysis of a system model is automated to derive
the desired performance metrics. Whilst these models can be useful, due to the integrated nature of a functional product, the
performance of each element is dependent on the performance of the other elements. Therefore, accurate prediction and
optimisation of a functional product design requires an integrated model of both the hardware and service support system.
To do this, a customised computer code could be developed or a general purpose simulation modelling tool (such as SIMUL8
[12] from Simul8 corporation) used. However, this would require substantial programming and modelling expertise, exten-
sive investment of time and money, and require the code or model to be updated each time the design was modified or a new
design considered. Re-use of the model would also be limited when a new, different functional product was considered for
analysis. There is therefore a real practical need for the development of a tool that can predict and support the optimisation
of the performance of a functional product by generating an integrated model from a description of its design details. This is
supported by a state-of-the-art review of PSS research from Baines et al. [13] which concluded that tools for obtaining quan-
tified predictions of PSS performance are lacking and that their development is essential for the widespread adoption of PSS
within industry.

The idea for an integrated model for the prediction and optimisation of functional product performance was first envis-
aged by Löfstrand et al. [14], who presented a simulation-based framework for modelling and optimising functional products
in terms of availability and support costs. The subsequent development of an implementation of this framework includes a
Petri net and simulation-based model for maintenance support services [15] which builds upon the work of Li and Thompson
[8], and an integrated model of hardware and service support systems which includes modelling of hardware condition mon-
itoring through a data stream management system (DSMS) [16].

The main contribution of this paper is the implementation of a simulation-based software tool that has been developed to model
and predict the availability performance of a functional product2 from a description of its design details, together with the application
of the tool to a real industrial system example. This has been used to apply the Partitioned Multi-objective Risk Method (PMRM) to
measure the availability performance of a functional product, accounting for risk, for the first time. In other words, Löfstrand
et al. [14] is the initially proposed model and this paper is a simulation implementation based on actual industrial data, a part
of the researchers verification and validation strategy. The rest of this paper is organised as follows. Section 2 presents an exam-
ple of a real-world industrial functional product. Section 3 introduces some risk-based availability metrics that can be used to
evaluate functional product availability performance. Section 4 describes the modelling tool and the design details it requires as
input data in order to analyse a functional product. Section 5 discusses the collection of the design data for the industrial system
example. Section 6 presents the results of the analysis of the industrial system example obtained through the software tool.
Finally, Section 7 includes an analysis of these results and concludes the paper.

2 The hydraulic system consists of the elements of a functional product, namely hardware and support system, although not initially designed as a functional
product.
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2. Industrial system example

An industrial example of a functional product produced by Bosch Rexroth Mellansel AB (formerly Hägglunds Drives AB) is
described in this section.

2.1. Hardware

The system is a closed loop hydraulic drive system, shown in Fig. 1, which is comprised of an electric motor, three hydrau-
lic pumps, a hydraulic motor, a control system (not shown), cooling system, a filter and a tank. It provides torque and speed
as its function and features high start-up torque, seamless continuous speed change, compact size and low maintenance
requirements (e.g. no clutch or gearbox to maintain) amongst other advantages over alternative, non-hydraulic solutions.
It is suitable for powering a conveyor belt for bulk material transportation, as shown, as well as numerous other applications.
Certain parts of the system, such as the sensor system and control system, are not included in the figure.

2.2. Support system

To enable the hardware to deliver its function throughout the whole lifecycle, a support system is needed to prevent fail-
ures and to keep the downtime to a minimum.

Whilst routine maintenance can be carried out by onsite staff, specialist technicians are required in the case of failure.
These failures are extremely rare but, due to the critical nature of the function provided by the hardware and support system,
timely repair is essential when failure does occur. Due to the low rate of failure for an individual product, it is uneconomical
for technicians to be based at each plant at which hardware is installed. Instead, they are based at product support centres
which support a large number of products at several different plants across a wider geographical area. Due to the centralised
nature of the workforce, a task common in all the repair activities is the transport of technicians to the repair site. The factors
influencing the length of downtime after a failure are given in Table 1.

The above points are all the identified support system activities that must be taken into account when simulating the
process of restoring the system function in the event of failure. In accordance with Kyösti et al. [15], maintenance procedures
can include queries which will affect the repair time, such as diagnostics to determine what repairs have to be conducted or
verification tasks to ensure hardware functionality after restorative tasks are complete. The flowchart in Fig. 2 represents the
support system response to a hardware functional failure.

2.3. Functional product contract

It is assumed that the hardware and support system are to be sold as a functional product under a contract that guaran-
tees a minimum specified functional availability level (not including expected planned downtime, e.g. due to scheduled
maintenance interventions) in each consecutive one-year period of the contract.

3. Application of the Partitioned Multi-objective Risk Method (PMRM) to the evaluation of functional product
availability performance

The actual availability that a functional product of a certain design will attain is a random variable. Assuming that its dis-
tribution can be estimated (which is addressed by the modelling tool introduced in Section 4), a problem for the functional
product provider is to decide upon a metric, or set of metrics, that can be derived from its distribution and used to judge and
compare the availability performance of different designs objectively and to determine an appropriate availability guarantee.

Fig. 1. A closed loop hydraulic drive system produced by Bosch Rexroth Mellansel AB.
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The use of expected values as a decision-making criterion in problems involving the possibility of rare adverse outcomes
is often inadequate [17]. In the case of functional products, the expected availability is inadequate as a sole indicator of
functional product performance, since it may not sufficiently account for the impact of rare adverse events that result in
availability falling far short of the expected value. The expected value would not be significantly influenced by these events,
owing to the low probability of their occurrence, but they may be highly damaging to the FP provider when they do occur. It
is these events that decision makers at FP providers are likely to be most concerned about, since they determine the risk of
the FP offer, where risk is defined as a measure of the probability and severity of adverse effects. Certain product design
choices may increase the cost and have little effect on the expected availability yet strongly reduce the severity or probability
of these adverse outcomes and therefore remain desirable.

An alternative is the Partitioned Multi-objective Risk Method (PMRM) from Haimes [17] which involves generating a
number of conditional expected value functions, termed ‘‘risk functions’’, that represent the expected value within certain
availability value ranges that correspond to either extreme or non-extreme outcomes. These are then combined with two
additional metrics, the expected value and the cost, to produce a multi-objective optimisation problem. The availability
values that define the boundaries of a partition are determined through a mapping from corresponding partition boundaries
that are chosen on the probability axis of the cumulative availability distribution function. The choice of probability axis par-
tition points for the risk functions is a subjective decision that depends on the risk partitions of interest to the functional
product provider. Since the cumulative availability distribution function, F(a), is non-decreasing (but may not be strictly
increasing), the generalised inverse distribution function shown in Eq. (2) is used to define the unique availability level,
bi, corresponding to the ith partitioning point, ai, on the probability axis.

bi ¼ F�1ðaiÞ ¼ inffbi : PXðbiÞ P aig ð2Þ
Risk functions can then be defined as the conditional expectation of availability within partitions of the distribution that are
defined by these partition points. For example, consider the lower tail of an example cumulative availability distribution
function that is plotted in Fig. 3.

Here, two partition points have been chosen, b1 and b2, corresponding to exceedance probabilities a1 and a2, from which
the following risk functions might be defined (note that Haimes [17] reserves f1 to represent a cost function), where X is the
random variable representing availability:

Table 1
Factors influencing length of downtime.

Downtime component Influencing factors Depends on

Preparation time Availability of technicians Completion time distribution for other jobs (includes time travelling
back from job)
Arrival rate of other jobs
Number of engineers at support station

Time travelling to installation site Travel time distribution

Active time Maintenance procedure completion time Task completion time distributions
Task sequencing constraints

Logistics Time obtaining maintenance resources Availability of maintenance resources
Delay in obtaining maintenance resources that are required but
currently unavailable

Start/
End

Travel to 
site

Repair

Travel 
back

Verify 
function

Acquire 
resources

Spare part storage, 
personnel pool

Maintenance 
procedure

Delay

Post-
Repair 

activities

Fig. 2. Support system response to failures.
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f2 ¼ E½XjX 6 b1�
f3 ¼ E½Xjb1 < X 6 b2�
f4 ¼ E½XjX > b2�
f5 ¼ E½X�

The availability a functional product achieves in an evaluation period may be correlated with previous evaluation periods.
For example, if a failure results in the replacement of a part that has a high failure rate early in its lifetime (i.e. has a high
infant mortality probability), then the likelihood of it failing again in the near future is increased. This is an important con-
sideration, since if availability in different evaluation periods is highly correlated, then it means that customers who expe-
rience loss of availability in one period are more likely to experience it again in another, which could lead to possible
dissatisfaction. The Pearson product-moment correlation coefficient (PPMCC), qX,Y, [18] defined in Eq. (3) gives a measure
of the correlation between two random variables X and Y, where lX is the mean value of X and rX is its standard deviation.
The value for this metric ranges from �1 to 1, where 0 indicates that there is no correlation, 1 indicates a perfect positive
correlation and �1 indicates a perfect negative correlation.

qX;Y ¼ covðX;YÞ
rXrY

¼ EbðX � lXÞðX � lYÞc
rXrY

ð3Þ

4. Functional product modelling and simulation

The authors have developed a tool for the modelling, simulation and analysis of functional product designs from a
reliability engineering viewpoint. The tool is capable of converting a description of a functional product in terms of its design
details into a model, analysing the generated model through simulation and providing various predictions, such as those
related to functional availability, on its performance. This section gives an overview of this tool, including the functional
product design details which are required as inputs and the process it performs to generate a model from this description.
Furthermore, this section explains the use of simulation to analyse the model and some of the methods used to produce
performance prediction metrics and output data from the model analysis.

4.1. Required functional product description details

The tool creates a model of a functional product from input data describing the functional product hardware and support
system.

4.1.1. Hardware
A reliability model for each component type within the functional product hardware that is at the limit of resolution is

described by:

� A Petri net [19] representing the functional state space and the transitions between states in that space.
� A distribution representing the delay for each of the transitions in the Petri net.
� The state (in terms of the token distribution) that represents the ‘working’ condition.

Fig. 3. Partitioning of an example lower tail from a cumulative distribution function.
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Fig. 4 shows Petri net reliability models for a variety of components with different failure behaviour, where the existence
of a particular numbered and labelled state is represented by the presence of a token in that state. Each of these Petri nets
includes a sub-graph, consisting of the unnumbered states, for the repair of the component which is automatically
constructed by the software tool and merged with the user-defined failure Petri net. The labelled transitions represent tran-
sitions for which the transition time is sampled from a distribution, whilst the filled transitions represent instantaneous
transitions.

The tool has built-in models for the most commonly encountered component reliability model types (e.g. binary state and
mutually exclusive multi-failure-mode components) and therefore only the state transition distributions are required for
these. This simplifies the use of the tool, whilst custom Petri net definitions provide the user with the flexibility to describe
practically any component failure behaviour.

The majority of functional product hardware systems that deliver the customer functions are likely complex in nature and
have failure modes that may depend on interactions between the functional states of multiple sub-systems or components.
Due to the system complexity, for each system type, a fault tree [20] describing the relationship between its functional state
of a system and those of its constituent sub-systems and components is specified. The use of Petri net models to represent
hardware reliability events at the limit of resolution together with fault trees to represent how these combine to cause
higher level hardware reliability events enables a detailed model of functional availability to be created for practically
any hardware system.

t

1. Working 2. Failed

Repair

t1

1. Perfect 
Condition

Repair

t2

2. Degraded 
Condition

3. Failed 
Condition

1. Working

t1

t2

Repair

3. Failure Mode 
2

2. Failure Mode 
1

Component with binary states

Component with three levels of degradation

Component with two mutually exclusive failure modes

Fig. 4. Example Petri nets representing reliability models of components with different failure behaviour.
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4.1.2. Service support system
Each maintenance task that is carried out as part of a procedure in the support of hardware is described by:

� The name of the task (that must be unique amongst maintenance tasks).
� The completion time distribution for the task.
� The maintenance resources consumed, utilised and produced.
� The names of the possible, mutually-exclusive, outcomes for the task.
� If the task outcomes are modelled as random: the probability associated with each outcome.
� If the task outcomes depend on hardware states (e.g. inspection task): the predicate function of the hardware states that
evaluates to true, at the time of task completion, when the outcome occurs.

Each maintenance procedure is given a name (that must be unique amongst maintenance procedures) and is described
through an MP Graph that specifies the prerequisite constraints between the maintenance tasks within the process. An
MP Graph consists of a set of nodes (vertices), representing the maintenance tasks, and a set of edges that represent
the precedence constraints. Each task node has an outgoing edge for each of its possible outcomes, where each is labelled
with the name of the corresponding outcome. Each task node also has one or more incoming edge sets, where each set
consists of one or more incoming edges. An incoming edge set for a task represents a set of prerequisite task outcomes
that trigger its initiation once they have all occurred. In addition, each MP Graph has two dummy task nodes, of duration
0, that represent the start and end of the procedure, the former having no incoming edges and the latter having no
outgoing edges.

An example of an MP Graph is shown in Fig. 5. In this maintenance procedure, task 1 is performed first, followed by task 2
if completed successfully (with a probability of 0.8) or by task 3 if it fails (with a probability of 0.2). On completion of task 2
or task 3, an inspection occurs and the procedure ends if component A is not failed, otherwise task 4 is initiated and the
procedure ends on its completion.

The maintenance strategy for the functional product hardware is described through a set of policies. Each policy consists
of:

� A maintenance procedure.
� A component or group of components (e.g. from a system or subsystem) that are restored to the ‘as-new’ condition on
completion of that procedure.

� A trigger condition that defines when the maintenance procedure is initiated. The trigger condition can be set to respond
to a component, subsystem or system entering a certain state (e.g. corrective maintenance initiated when an item fails), a
certain time point or item age being reached (e.g. scheduled maintenance) or a positive inspection outcome (e.g.
unrevealed item failures and condition-based maintenance).

The availability of resources is represented by selecting from one of several built-in logistics models and then
specifying the parameters. The simplest of the logistics models assumes that the maintenance resource provision
remains fixed for the duration of the simulated time period and that there are no logistical delays in allocating available
maintenance resources to maintenance tasks. The parameters which must be specified for the herein presented model
are as follows:

� The name of each maintenance resource.
� The number of each maintenance resource initially available.

Task 1

Task 2 

Task 3

Inspection: 
Component A

Failed?

Success
P=0.8

Fails
P=0.2

Start

End

No

Task 4 Yes

Fig. 5. Example of an MP graph.
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4.2. The computer model

From the input data that describe the functional product, in the form described in Section 4.1, the tool generates a model
of the functional product. Fig. 6 represents a high-level overview of the various elements of the model generated by the tool
and the relationship between these elements.

The modelling of the maintenance procedures is a central element of the overall model and has an important role in the
integration of the hardware and service support system elements, as shown by Fig. 6. The MP Graph descriptions of the
maintenance procedures that are provided as inputs are converted to Petri net models of the procedures by the tool. Petri
nets are used, since they are ideal for representing systems that exhibit concurrent, sequential and competitive activities
[21].

Each general maintenance process task is converted into a Petri net of the form shown in Fig. 7. The dashed transition
output edge indicates that the output token colour is chosen at random according to a defined probability distribution. As
depicted in Fig. 7, the Petri net interacts with the resource model (the interactions between maintenance procedure and
logistical model elements can also be seen in Fig. 6). The Petri net representation of a hardware inspection is shown in
Fig. 8, where the colour of the output token indicates the inspection outcome. The task Petri nets are integrated together
to form a Petri net representation of an overall maintenance activity from which the total completion time for the mainte-
nance activity can be found.

Fig. 9 shows the Petri net representing the example maintenance procedure shown in Fig. 5, where the transitions
labelled T1, T2, T3 and T4 represent the Petri nets for tasks 1–4 of the form shown in Fig. 5; the transition labelled Ti represents
the Petri net for the inspection of component A of the form shown in Fig. 8; the dashed output edges are labelled with the
possible outcome token colours; the filled transitions are labelled with the enabling token colour where applicable.

4.3. Simulation of a functional product model

Once the tool has generated a model of the functional product, the model must be analysed in order to determine the
behaviour of the functional product it represents. Due to the complex processes that occur within each element of the model,
and the interactions between the elements, discrete event simulation (DES) [22] is used for this purpose. An analytical
approach would necessitate significant model simplification that would detract from the accuracy and breadth of analysis.
A model simulation consists of a large number of trials, where each trial produces one possible sequence of events that could
occur for the modelled functional product over a specified simulated time period. The choice of the number of trials is a
trade-off between computational expense and collecting more data to enable the calculation of statistics with greater accu-
racy and confidence.

Prior to initiating a simulation, observers can be attached to record the history of the value of particular model variables
during each trial. The tool defines several types of observers for different variable types. For example, one particular observer
type can be attached to any Boolean variable (e.g. the top event of a fault tree representing the loss of hardware function) and
will record the times at which that state changes value during each trial. In this way, the user has the flexibility to record the
data that may be of interest for later analysis whilst disregarding all other data in order to reduce the computational expense.
The data collected across a large number of trials can be analysed in order to determine the statistical behaviour of the mod-
elled functional product. For this purpose, the tool has a number of built-in analysis capabilities such as the ability to cal-

Fig. 6. High-level overview of functional product model.
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culate expected values, variance and mean times between variable state changes. Alternatively, the recorded data can be
exported for external analysis. Additional data, e.g. maintenance resource costs, may also be combined with the data
recorded from the model simulations during this analysis stage.

4.4. Point estimates for metric values

From the functional state transition times that occur within each simulation trial, the availability in each evaluation
period can be calculated. Thus, if a simulation consists of N trials, then N samples from the availability distribution in each
evaluation period are produced. Point estimates of each of the availability-based metrics given in Section 2 can be calculated
from these samples using numerical techniques that are discussed in this section.

To estimate the ith availability partitioning point, bi, corresponding to the ith probability partitioning point, ai, for a
particular evaluation period as defined by Eq. (2), the first step is to calculate the availability achieved in each simulation
trial using Eq. (1), using the uptime and downtime achieved in that period as the values for U and D, respectively. If the avail-
ability values from N trials are then sorted into ascending order, bi can be estimated through the sample quantile estimator
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Notifications
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Fig. 7. Petri net model of the performance of a maintenance task.
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Fig. 8. Petri net model of an inspection outcome.
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Fig. 9. Petri net model of the performance of the maintenance procedure shown in Fig. 5.
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[23] shown in Eq. (4), where xi is the availability achieved in the ith trial when sorted in ascending order and bhc is the largest
integer not greater than h. The expected availability within a partition can then be estimated as the mean availability
amongst the trials where the availability was within the range defined by the partition.

bi ¼ xbhc þ ðh� bhcÞðxbhcþ1 � xbhcÞ where h ¼ N þ 1
3

� �
ai þ 1

3
ð4Þ

The PPMCC for measuring the correlation between two random variables X and Y, defined in Eq. (3), can be estimated from
the sample Pearson correlation coefficient, rX,Y, given in Eq. (5) where N is the number of trials, X is the mean value for the
random variates of X from the N trials and Xi is the random variate for X from the ith trial.

rX;Y ¼
PN

i¼1ðXi � XÞðYi � YÞffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1ðXi � XÞ2

q ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiPN
i¼1ðYi � YÞ2

q ð5Þ

4.4.1. Derivation of confidence intervals
Confidence intervals can be used to indicate the reliability of the point estimates. A brief description of the procedures

used for generating confidence intervals for these is discussed in this section.

4.4.1.1. Overall expected availability. Confidence intervals for the estimator of the overall expected availability are derived
from the assumption that it follows a Student’s t-distribution with N � 1 degrees of freedom [22].

4.4.1.2. Expected availability in partition. The theoretical distribution of the estimator of the expected value within a partition,
as defined by the PMRM, is unknown; therefore, analytical derivation of the confidence interval is not possible. Instead, a
confidence interval with confidence coefficient a is derived through the following bootstrapping procedure:

1. L (e.g. chosen as N) samples are taken from the N trial availabilities with replacement.
2. The risk function value is calculated from the sample generated in step 1.
3. Steps 1 and 2 are repeated M (e.g. 5000) times to generate M estimates A�

1;A
�
2; . . . ;A

�
M .

4. The M bootstrapped values from the previous steps are ordered to define the order statistics A�
ð1Þ 6 A�

ð2Þ 6 . . . 6 A�
ðMÞ.

5. The lower bound of the confidence interval is then chosen as A�
OL

where OL ¼ a
2 ðM þ 1Þ� �

.
6. The upper bound of the confidence interval is then chosen as A�

OU
where OU ¼ ðM þ 1Þ � OL.

4.4.1.3. Pearson correlation coefficient. Confidence intervals for the Pearson correlation coefficient are derived using the Fisher
transformation [24].

5. Input data for industrial system example – hardware and support system descriptions

Section 4.1 outlined the input data describing a functional product that is required for it to be modelled and analysed by
the software tool. In this section, the methods used to obtain the data for the industrial system example that was introduced
in Section 3 are described. Both a qualitative and a quantitative approach were used for the data collection. The majority of
the data collection was performed qualitatively and the methods used consisted of:

� A questionnaire to prepare informants before interviews.
� Semi structured interviews to elicit knowledge and experience [25].
� Two separate workshops with 15 employees, a one-day workshop and one three-day workshop.
� Collection of secondary industrial data such as previously monitored operation field data, system data (manuals and tech-
nical specifications) [25].

Nine employees at the industrial partner company and four interviewees at one major customer were interviewed
regarding the industrial system architecture. The interviews lasted about one hour each and were recorded and documented
by case notes. The interviewed employees from the industrial partner company were one site manager, two service techni-
cians, two service engineers, one aftermarket business development manager, one design manager, one control development
manager and one design engineer who was also a PhD student. The employees of the customer company were one research
coordinator, one maintenance technician, two maintenance engineers. The interviewees were chosen to ensure that no
causes of industrial system availability loss were unidentified. Before the interviews and workshops, background material
concerning the case study and a questionnaire were sent to the interviewees. The questionnaire covered common system
and component failures, root failure causes, failure rates and failure criticality. The interviews and workshops aimed to
determine:
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� Which failures affect system availability?
� At which rate have the components failed?
� Which tasks are required to return the component to a working state?
� In what sequence are tasks required to be performed?
� What resources are needed?

Analyses of the initial interview results were used to iteratively improve the performance of the following interviews.
Case Analysis meetings, as described by Miles and Huberman [25], were held by the research team to discuss and summarise
the results of the interviews. Continuous updating and complementary interviews were carried out throughout the work
with this paper. The collected data were validated by triangulation of statements from the interviewees. Thereafter, in
collaboration with researchers and company representatives, the collected data were reduced [26] and formatted into the
input data format required by the software tool (see Section 4.1). Sections 5.1 and 5.2 describe some of the data collected
for the hardware and service support system, respectively.

5.1. Hardware

The components in the system that were identified as critical to it functioning are as follows: the sensor, the electric
motor, the control systemmain board, the control system power supply, the hydraulic motor and the three hydraulic pumps.
Each of these components, except for the hydraulic motor, was found to have a single failure mode and can therefore be
represented by the binary state component model shown in Fig. 4. The hydraulic motor has two mutually exclusive failure
modes, corresponding to failure with and without seizure of the shaft, and can therefore be represented by the multi failure
mode component model shown in Fig. 4.

Based on discussions with employees and the analysis of a limited set of historical failure data, a distribution for each
component failure transition for each component in the system has been derived. As is common in industrial systems, many
of the components in the system do not exhibit constant failure rates but failure rates which are higher initially (due to
infant mortality) and when the component reaches the end of its design life (due to wear out). However, failures due to wear
out are negligible during the period studied in this paper, thus theWeibull distribution can be used for the component failure
distributions to enable the representation of infant mortality through a shape parameter that is less than one. The Weibull
parameters used for the component working to failed transition distributions in the analysis in this paper are shown in
Table 2. For reasons of confidentiality, these are dummy values and are not necessarily representative of the true values.

The combinations of component failures causing a loss of product functionality were investigated and are described by
the fault tree shown in Fig. 10. This shows that the system has redundancy only in the pumping sub-system and therefore
relies heavily on high component reliability to ensure high system reliability.

5.2. Support system

The input data describing the service support system from the industrial system example are given in this section accord-
ing to the requirements that were outlined in Section 4.1.2. The maintenance strategy associates each component with a
restorative maintenance procedure that is triggered upon its failure and is therefore entirely corrective. Fig. 11 shows the
maintenance procedure for the restoration of a failed hydraulic motor. The completion time of the task ‘‘Mounting of torque
arm’’ is represented by a triangle distribution with minimum, modal and maximum times of 30, 38 and 45 min, respectively.
The data for the other tasks in the procedure are similarly defined.

A further part of the maintenance strategy for the real-world system includes the application of planned preventive
maintenance; however, this was not included directly in the modelling within this paper, as the focus was on analysing
unexpected downtime caused by functional failure.

For the maintenance resources in this model, four repair technicians are available for performing the maintenance
procedures, each of which requires the attendance of two repair technicians. The technicians must sometimes perform other
duties, including the support of other hardware systems and planned maintenance on the modelled system, and are
therefore not always available for restorative maintenance of the drive system. Other work arrives at a constant rate of
0.1 jobs per hour and the length of time to perform these jobs, which each require two technicians, is represented by a
triangle distribution with a minimum, mode and maximum of 2, 6 and 20 h, respectively. It is assumed that jobs are

Table 2
Weibull parameters for component working to failed transition distributions.

Component type Failure mode Scale parameter Shape parameter

Sensor N/A 5.50E7 1.00
Electric motor N/A 4.75E7 0.85
Main board N/A 2.50E9 1.00
Power supply N/A 7.00E7 0.90
Hydraulic motor Seizure without shaft seizure 9.80E6 0.70

Seizure including shaft seizure 3.00E8 0.70
Hydraulic pump N/A 1.80E7 0.70
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processed in the order in which they arrive and that a backlog of jobs can occur. Therefore, if maintenance of the drive sys-
tem is required and the required technicians are unavailable, the job will be placed in the queue and its start delayed accord-
ingly. The travel time from the support base to the customer site is represented by a normal distribution with a mean time of
8 h and standard deviation of 1 h.

6. Analysis and results

The data from Section 5 describing the industrial system example functional product were used as input data to the soft-
ware tool. The tool was used to generate a model of the functional product and analyse it over 10,000 simulation trials,
where each trial consisted of a simulation time duration of 5 years. The functional state of the system was observed in each
trial, such that the times at which functionality was lost and restored were recorded. The collected data were then processed
using the methods described in Section 4.4 and the results of the analysis are described in the remainder of this section.

6.1. Expected availability risk functions

The partition points on the probability axis for exceedance probabilities a1 and a2 were chosen as 0.5% and 1%, respec-
tively, to generate the partition points on the availability axis b1 and b2 through Eq. (8). The risk functions f2 to f5, as measures
of expected availability in different partitions, were then calculated and follow the definitions given in Section 2.
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Fig. 10. Fault tree for hydraulic drive system showing top event of functional failure in terms of component failures.
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Fig. 12 shows the predicted expected availability for the different risk functions F2–F5 in each yearly evaluation period
with 95% confidence intervals, calculated through the methods shown in Section 4.4.1. The confidence intervals are wider for
F2 and F3 than for F4 and F5, since those partitions are smaller, resulting in a smaller sample size. The plot shows that whilst
overall expected availability, corresponding to the F5 risk function, is approximately 0.9999 in each yearly period, the
expected availability in the 0.5% most adverse outcomes, corresponding to the F2 risk function, is much lower and rises from
approximately 0.99625 in year 1 to 0.99675 in year 5. The lower expected availability in earlier years is likely due to infant
mortality component failures.

6.2. Expected availability correlation between consecutive years

The correlation between expected availability in consecutive years was calculated through Eq. (9) and is plotted with 95%
confidence intervals, calculated through the Fisher transformation [24], in Fig. 13. It shows that there is no significant
correlation between the availability in each yearly period and therefore there is no significant increase in risk of loss of avail-
ability in consecutive yearly periods.

7. Conclusions

In the model, a maintenance procedure is associated with the fulfilment of each maintenance strategy goal. In reality,
however, when multiple goals are set simultaneously by the maintenance strategy, a composite procedure consisting of a
sequence of maintenance tasks accounting for conflicts, rationalisation and synchronisation between the tasks will be
further developed to even more accurately describe the real world. This may result in different strategy goal fulfilment times
and maintenance resource usage than the assumption upon which the methodology is based. For example, in the case of the
industrial system discussed in this paper, if two hardware items are failed and require restoration, then separate mainte-
nance visits by technicians for the restoration of each would be modelled by the current methodology.

Fig. 12. Expected availability in each yearly evaluation period (showing 95% confidence intervals). Note that the plot bars for F4 & F5 overlap.

Fig. 13. Correlation between availability in yearly evaluation period and previous year (showing 95% confidence intervals).
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Only the evaluation of functional availability performance was considered in this paper. Other metrics, in particular the
cost of product development, manufacture and operation, are important in the evaluation of a particular product design. The
analysis and consideration of these costs in design evaluation is partly supported by the model and is an area of further work.

Providers of functional products face the challenge of developing an integrated package consisting of hardware, software
and a service support system to provide customers with the desired functionality at a guaranteed level of availability. The
ability to predict the availability performance of such products during product development is crucial to understanding the
risk involved, optimising the design and, ultimately, the widespread adoption of functional products. The risk-based
availability metrics, based on the PMRM, were introduced as indicators of availability performance. These give not only
the expected availability performance but also the availability performance when adverse outcomes occur. Existing methods
developed by researchers for the analysis of availability do not offer the necessary integration of hardware and service
support system models to enable accurate prediction of these metrics for a functional product design. Additionally, the fea-
sibility of availability performance modelling by industrial product developers is increased if such modelling and analysis
can be performed by a tool that is derived from the product design details. The major reasons for this are that custom model
development is time-consuming, requires significant expertise and is not suited to the iterative nature of product design
development. Such tools are available commercially for the optimisation of hardware and logistical availability but are
not designed for the optimisation of functional products. A tool developed by the authors for this purpose was presented,
including the functional product design details that it requires as inputs and the methods used to create and analyse an
integrated functional product model from them. The tool was applied to the analysis of an example industrial system, for
which the collection and formatting of the design details as input data was shown along with the calculation of the avail-
ability performance metrics. The resulting analysis gave an indication of a suitable guaranteed functional availability level
for the product and could be used to compare the performance of different design options.
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