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ABSTRACT 

The concept, theoretical argument, and practical implementation of system self-

assessment of survival using time series modeling is defined , investigated, and 

developed. System self-assessment of survival predicts conditional reliability for a future 

period of time or usage, to support an operational mission in real-time. As implemented, 

performance measures are monitored and modeled in physical terms, then associated 

models are developed in probability/statistical terms. The key issues in system self-

assessment of survival are physical performance measurement and related modeling, 

forecasting, and survival estimation. 

The research develops theoretical connections between physical performance 

assessment and existing time series modeling, yielding a self-assessment of survival 

model, based on the concept of performance reliability. Different methods, including 

Autoregressive Integrated Moving Average (ARIMA), exponential smoothing, and real

time recurrent neural networks, are assessed regarding modeling and prediction 

capabilities in real-time. In order to meet the real-time requirements of self-assessment of 

survival, model "self-generation" is emphasized in the context of on-line performance 

observation. For demonstration and validation, the research work develops the 

framework of a deliverable software package, Real-Time System Self-Assessment of 

Survival (RTSAS), which performs real-time data acquisition and survival self-

assessment. 

VI 



The research describes methods useful for system self-assessment of survi\ al based 

on physical system performance measures and time series modeling in both single failure 

mode and multiple, independent, failure modes. Results produced in linear trend 

exponential smoothing show promise for field real-time applications, provided resolution 

of physical signals can be obtained and the failure mode is properly defined in terms of 

physical performance. 
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CHAPTER I 

INTRODUCTION 

The purpose of this research was to define, investigate, and develop conditional 

survival assessment of systems, in both theoretical and practical aspects, based upon a 

practical implementation of time series analysis technology. The concept of system self-

assessment of survival includes an estimation of system conditional reliability for a future 

period of time or usage to support an operational mission in real-time. The survival 

assessment is performed through system performance measures monitored in real-time. 

System physical performance measures are those variables which are highh related to the 

system's field performance. In survival assessment practice, the performance measures 

are monitored and modeled in physical terms. Then, associated models are developed in 

probability/statistical terms for system performance reliability prediction. 

1.1 Background 

Survival or reliability considerations are playing an important role in virtually all 

engineering disciplines. More and more systems are required to perform better and 

better. There is a concomitant requirement to minimize the probabilit\- of system failures 

and predict system survival in the future, regardless of whether these failures simph 

increase costs, create inconveniences, or gra\ely threaten safety. 

In the broadest sense, reliability is associated with dependability, with successful 

operation, and with the absence of breakdowns or failures. In classical or traditional 



reliability engineering analysis, reliability is thought of in a binomial sense 

(success/failure). An operating system is considered in only two possible states: a state of 

functioning and a state of failure. The classical approach to the prediction of reliability 

depends on the numerical values of the operating time to failure or mission success rate 

of systems, subsystems or components under given considerations. With traditional 

empirical methods, reliability is posterial in the sense that it is usually developed from 

historic failure data and life data analysis. It is commonly accepted that the reliabilit\' 

characteristic of a system can be quantitatively modeled as a reliability function. In this 

way, the system under consideration is accepted as a "black box" which performs the 

required function until it fails in its operation. 

Currently system reliability is considered an integral part of performance or operation 

[Kim, 1991 J. In engineering analysis, reliability is considered quantitatively as the 

probability that a system, device, or component will perform successfully for a specified 

amount of time, usage, or for a given mission, when operated under given conditions 

[Kolarik, 1995]. As an extension, conditional rehability is estimated and monitored using 

critical variable degradation pattems, which are related to system field performance. This 

concept is termed performance reliability and performance reliability assessment 

[Kolarik, 1988; Kim, 1991 J. Physical failures or break downs may resuh from joint 

occurrences of deviations of several system performance parameters, or from changes of 

all the parameters while each remains within specified tolerances. 

Based on the development of performance reliability, a system survival assessment 

can be performed by measuring physical variables and relating/extending them to 



predictions of system performance (reliability). Previous research work [Kim and 

Kolarik, 1992] has successfully implemented the conditional reliability assessment in tool 

monitoring applications using off-line regression models. In many cases, off-line 

approaches do not offer the timeliness and self-generation capabilities necessary for self-

assessment of survival. It is important for system survival assessment to have a capability 

of abstracting degradation information on-line, in real-time. 

For a given operation (e.g., a metal cutting operation) and under fixed operating 

conditions (e.g., fixed controllable variables), the function of the mean value of the 

performance response variable across time was modeled by regressing performance data 

[Kim and Kolarik, 1992]. A performance measure (variable) y^ , in time or usage t, \\ as 

used to link tool failure to current and past performance measurements. Let f{y,) 

represent the probability distribution of the tool performance measure y, , at any point in 

time or usage, t. Then, the probability that tool failure will occur up to time or usage t, 

for the smaller is better case, is given by 

PiF,t)=PiY,>ycL) 

= \fiy,)dy,, 
>CL 

where ŷ L ^̂  ^̂ ^ given critical limit value for performance variable y, 

The reliability of the component at time or usage < t is given by 

R = \-P{Y,>ycL) 

= \-\fiyMyt • 
ycL 



And the conditional reliability or survival to time tf, given survival up to time t^, is 

evaluated as 

/ ? U ; I ^ , ) = - ^ • h>^c 

Hence, system self-assessment of survival is possible when, 

1. Product/process failure can be defined in terms of physical performance. 

2. Physical performance contains clues as to survival (e.g., degradation occurs and 

can be measured). 

And, it is reasonable to expect that system survival or performance reliability can be 

predicted, given adequate physical performance data across time. 

1.2 General Statement of Problem 

System reliability or survival can be predicted through the measurements of physical 

performance with corresponding system failure modes defined. On this basis, given the 

definition of system performance failure in terms of a performance characteristic, the 

conditional performance reliability or system survival is defined as the conditional 

probability that the performance measurement Y, is less (or greater) than a performance 

critical limit ŷ ^ (which represents an appropriate definition of failure in terms of 

physical performance), given the environmental conditions of operation, for a specified 

time period or usage, Ar [Kim, 1991]. Based on this definition, system self-assessment of 

survival predicts the system performance reliability, abstracting the information from on-



line historic data, and modeling/projecting performance for a given future period of time 

and usage. 

In the research description that follows, system failure modes and performance 

variables are assumed to be known and quantified, respectively. A detailed problem 

statement and formulation is discussed in Chapter III. The concept of system self-

assessment of survival and its environment is shown in Figure 1.1. 

From Figure 1.1, the time series/based modeling, the performance prediction, and the 

system survival prediction steps present unique challenges. These challenges include 

self-generation in modeling, coupled with timeliness of modeling and prediction. 

1.3 Research Objectives 

This research work focuses on system survival prediction in real-time, given a system 

failure definition and corresponding performance variables. The fundamental objective 

of the research work is to theoretically define and quantitatively develop system survival 

prediction models, using time series technologies, including both single and multiple 

independent failure modes, to provide a basic demonstration of the concept. 

A secondary objective of this research is to assess the feasibility of time series 

modeling techniques relative to real-time system survival assessment. The focus here is 

on time series capabilities for performance prediction, assessed through timeliness and 

model self-generation potential. 
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Figure 1.1. The concept of system self-assessment of survival. 



Results sought include system self-assessment of survival, accomplished by 

monitoring and modeling corresponding performance measures in real-time, without a 

prior reliability model. In other words, the performance reliability model is self-

generating, as data is collected on-line. System survival is estimated and predicted in 

real-time. The technologies considered in the research are exponential smoothing 

algorithms, time series modeling of autoregressive integrated moving average, and neural 

networks. 

1.4 Importance and Impact of the Research 

Reliability is estimated traditionally by analyzing failure times of representative units 

on test or in a field environment. In this way the system under consideration is accepted 

as a "black box" which performs the required function until it fails with inferences made 

to future systems. However, designers and engineers are interested in reliability 

characteristics of the systems, subsystems or components as they operate. This on-line 

concept of reliability is relevant when one desires to maximize system throughput and 

product quality as well as minimize production cost, or avoid real-time catastrophic 

failure. Real-time needs lead to an interest in technology involving performance 

variables over time and exacting from these "degradation data" information on reliability 

(in real-time), in order to assess the prospects of a failure-free next time cycle or usage 

(without waiting for failure to actually occur). 

The research of system self-assessment of survival is different from traditional 

reliability analysis. The technology accesses on-line observations, then models and 



forecasts the system survival for a period of time. This approach facilitates system 

management and provides a possibility to maximize system throughput and product 

quality, especially in highly automated systems. This approach also provides a pow erful 

means for system reliability monitoring and forecasting where a system failure may result 

in a catastrophic outcome. 

The models pursued in this research are "self-generating," i.e., they do not assume 

any "pre-model" built from off-line data exists or require a historic data base. This 

feature provides a timeliness advantage. Provided strict timeliness criteria can be met, 

the survival assessment predictions can also be used as a feedback signal for a closed-

loop system control. 



CHAPTER n 

LITERATURE REVIEW 

2.1 Introduction 

As discussed in Chapter I, this research work investigated system survival 

assessment through on-line system performance analysis, considering time series 

modeling. The research drew upon technologies related to system reliability analysis, 

performance reliability, time series theory, and the technologies for time series 

forecasting. The purpose of this chapter is to review the literature relevant to topics at 

hand. 

2.2 Traditional Reliability 

2.2.1 Concept 

Generally in reliability engineering, reliability is defined as the probability that a 

component, device, equipment or system will perform its intended function for a 

specified period of time, under a given set of conditions [Lewis, 1989; Kapur and 

Lamberson, 1977; Kolarik, 1995]. Usually, system reliability is modeled in a reliability 

function, using the probabihty density of failure, p.d.f, denoted by f{t), where random 

variable T represents time or usage. The probability of failure by time t, the cumulative 

(life) distribution function of T, denoted by F(r), is the probabihty that the life time does 

not exceed t, 

Fit) = P{T<t), 0<r<c« 



I 

= jfix)dx, t>0. (2.1) 
0 

Then, the reliability function (the probability that the lifetime of the system will exceed t 

[Zacks, 1992]) of a system having a life failure distribution F{t), is 

R{t) = l-F{t) 

= P{T>t) 

t 

= l-jfix)dx (2.2) 
0 

oo 

= jf(x)dx. (2.3) 

t 

Another important function related to the life distribution is the instantaneous failure 

rate, h{t), or hazard function, defined as 

Fit + At)-Fit) fit) 

At^o ArPr(r>r) Kit) 

1 dRit) 

Rit) dt 
(2.5) 

= -^[\nRit)]. (2.6) 
at 

The reliability function can be expressed in terms of the hazard function as 

Rit) = Qxp[-] hix)dx]. (2.7) 
0 

The probability density function for failures is obtained using Equation (2.4) and (2.7), 
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fit) = hit)Qxp[-jhix)dx]. (2.8) 
0 

In reliability engineering, the single metric most widely used to characterize 

reliability is the mean time to failure (MTTF); the average length of time until failure 

(the expected value ofT,E[T]). 

Hence, 

oo 

MTTF = j tf it)dt (2.9) 
0 

oo 

= JRit)dt. (2.10) 
0 

As discussed above, in traditional reliability engineering, the key point to access 

system reliability is to find the failure p.d.f, fit), or the hazard function hit). Typically 

they are estimated from life-test data. In this way, reliability analysis is based on an off

line reliability function model. 

2.2.2 Conditional Rehability 

The measure of reliability Rit) addresses reliability over the entire interval from 0 to 

t. Many times the case exists where conditional predictions, /^(rjl^), are needed. The 

/^(/jl^i) is defined as the conditional reliability of survival to some future time tj given 

survival to present time r, , where tj > r,. The conditional measure is useful when the 

assessment of the rehability for a unit is needed, when the unit is already in service and is 

11 



still functioning successfully, or when the prediction of the reliability over a defined 

interval of fj -^, is required [Kolarik, 1995]. 

In developing a quantitative model for conditional reliability, starting from 

Rit^\t,) = \-Fit^\t,) 

= l-[Fit2)-Fit,)]/RitO- (2.11) 

By the definition. Fit) = PiT < t), and 

Rit) = PiT>t) 

= l-Fit). 

Thus, 

Rit2\tO = l-[RitO-Rih)yRiti) 

^Rit^)IRit,). t^>t, (2.12) 

Using Equation (2.7) in the above form, the conditional reliability can also be expressed 

as 

Rit^U^) = exp[-J'' hix)dx] I exp[-J'' hix)dx] (2.13) 

= Qxp[-['hix)dx]. (2.14) 

The concept of conditional reliability is illustrated in Figure 2.1. Ritj\t^) addresses the 

reliability at time tj, given that the operation has succeeded to time t^. 

12 



Reliabil ity (uncondi l ional ) 

Figure 2.1. Conditional and unconditional reliabihty models [Kolarik, 1995]. 

2.2.3 Performance and Operation Reliability 

Reliability is classically thought of in a binary sense (success and failure), while 

performance is thought of in a continuous sense (a continuous variable in time). The 

classical approach to reliability analysis is based on models which are fit from recorded 

time to failure data. Hence, traditional reliability models are "posterial" and can only be 

determined after failure has occurred [Kim, 1991]. 

The performance reliability concept, however, links reliability more closely to the 

total system performance concept. In engineering practice, physical performance can be 

measured to some degree with regard to effectiveness of system functioning. The state 

of physical performance represents some relative degree of success of a system. The 

system reliability characteristics can be drawn from the performance degradation data as 

13 



system performance is degrading with time or usage. Applications can be found where 

physical performance characteristics, such as thrust force, vibration, and acoustic 

emission from a cutting tool, can be measured to evaluate the degree of tool performance. 

Kolarik [1988] developed the concept and mathematics for performance reliability based 

on a continuous scale of system, subsystem, or component physical performance. When 

an appropriate definition of a system failure in terms of performance is defined or given, 

performance reliability is defined as the conditional probability that the performance 

measure of the system is less (or greater) than a performance critical limit (which 

represents an appropriate definition of a failure in terms of physical performance), for a 

specific period of time or cycles t. Previous research related to conditional reliability 

prediction for tool performance (twist drill monitoring in drilling performance) [Kim and 

Kolarik, 1992], showed that the performance variable is a function of time and some 

controllable variables. It can be explained as 

P, = fit\x^...xj, 

where P, a random variable for performance measure; 

t operating time or usage; 

x^...x^ controllable variables for operating conditions. 

If the controllable variables are given and do not change with time, then the performance 

variable P, is simply a function of time t. 

Knezevic [1987, 1993] proposed a relevant condition parameter (RCP) approach to 

reliability estimation. He demonstrated that the reliability characteristics can be 

determined during the operation of the system in real-time before failures actually occur. 

14 



In the RCP approach, reliability characteristics can be estimated using the probability 

distribution of a relevant condition parameter and its variation through time. Knezevic 

[1993] introduced a condition parameter which can be any characteristic. It is directly or 

indirectly connected to the system state describing the performance condition of the 

system during its operation life. Condition parameters can be identified as relevant 

condition parameters (RCP) [Knezevic, 1993], when the following requirements are met: 

1. Full description of the condition of the system in operation; 

2. Continuous and monotonic change during operation; and 

3. Numerical definition of the condition of the system operation. 

Therefore, the numerical value of the relevant parameter fully describes and quantifies the 

condition of the system during operational life. The specified process may then be 

expressed by a series of curves, each having a given probability of occurrence. It is noted 

the defined relevant condition parameter in operation reliability analysis has, in fact, the 

same underlying concept as the performance variable defined in system performance 

reliability. 

As shown in Figure 2.2, the system is considered to be capable of functioning if its 

relevant condition parameter lies between the initial value, RCPin, and the limiting value. 

RCPiim. If the relevant limits are exceeded by the relevant condition parameter, then 

failure of the system occurs. The life time of a system, T, is determined as the time when 

the relevant condition parameter reaches this limiting level. 

15 



RCPlim 

RCPin 

Figure 2.2. Condition parameter as a random variable (modified from Knezevic, 1993). 

The reliability of the system, at any instant of operation, is equal to the probability 

that the relevant condition parameter is within the tolerance range. The reliability 

function can be defmed as 

Rit) = PiRCR,„ < RCR, < RCP^J 

RCPt. 

= jf,iRCP)dRCP (2.15) 
RCP^ 

FiRCP,t)\fc> (2.16) 
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where / , iRCP) is the probability density function of the relevant condition parameter at 

the instant of operating time t, and FiRCP,t) is the cumulative distribution function of 

the relevant condition parameter within the tolerance range at t [Knezevic, 1993]. 

As discussed above, the mechanism of estimation of system reliability in relevant 

condition parameter analysis is the same as that in the performance reliability analysis. In 

both methods, a variable or parameter, system performance variable or relevant condition 

parameter, is located to trace the system performance or system operating function across 

time. A limited value for system performance is defined and used to evaluate system 

reliability in terms of probabihty of the variable within the given tolerance range. These 

methods provide a means to assess system reliability or survival in real- time. Several 

practical examples [Kim, 1992; Chinnam, 1994; Knezevic, 1987] have been successfully 

proposed and implemented in system reliability access or tool monitoring using the 

performance reliabihty concept with on-line operational data. 

2.2.4 Performance Measure and Failure Mode 

As discussed above in the performance reliability method, a physical performance 

variable (function of time) which is directly or indirectly related to the system field 

performance is selected and measured as the system operates. In most industrial 

applications, an indirect measure of system field performance is used instead of a direct 

measure. Most research on tool performance monitoring uses an indirect measure (e.g., 

thrust force in a drilling operation to indicate tool wear). 

17 



2.2.4.1 Indirect Measure 

Direct measurement of performance in the field is always challenging, and 

sometimes impossible. An indirect method of measure may be possible. For instance, 

when a drill bit is in operation, it is not possible to sense cutting edge wear directly. 

Many studies have been conducted on indirect measures for tool performance monitoring. 

In drilling operations, indirect physical variables include acoustic emission [Iwata and 

Moriwaki, 1977; Moriwaki, 1980], vibration [Yee and Blomquist, 1982; Yee, 1984], 

torque and power [Subramanian and Cook, 1977]. The variable most used in drilling tool 

condition monitoring is thrust force [Kim, 1991; Jalah and Kolarik, 1991; Koren et al., 

1987; Thangaraj and Wright, 1988b]. 

The previous research work (as cited above) seeks to relate input to output tool 

performance. Subramanian and Cook [1977] showed that the correlation between thrust 

force and drill wear has a general form, 

7} =HsiPw + Q), (2.17) 

where Tr is thrust force, Hg is hardness of the work material, P and Q are constants 

(dependent on drill working conditions such as drill diameter, feed speed and radius of 

the cutting edge), and w is the flank wear, assumed to be uniform from the chisel edge to 

the margin [Thangaraj and Wright, 1988aJ. Furthermore, the previous research work has 

documented problems encountered when a single model for the performance variable is 

used for tool failure detection. According to the example above, the problems in using 

the simple model in Equation (2.17) are: 



1. The magnitude of flank wear that leads to failure is dependent on the cutting 

work conditions [Thangaraj and Wright, 1988b], in other words, parameters P 

and Q in the simple model are difficult to hold constant in practice. 

2. The thrust force level may show a significant change after excessive damage has 

occurred. Such a simple model may no longer be valid for assessing performance 

behavior when the work conditions are altered. 

Previous research reveals that alternative physical performance variables can be 

adopted for indirect measures of system field performance, and used forjudging system 

performance degradation. However, static relationships do not generally hold over 

varying conditions. Hence, model flexibility and/or re-calibration seem necessary for 

extended periods of monitoring. 

2.2.4.2 Multiple Failure Modes, Competing Failure Modes, and Failure Criteria 

A failure mode is thought of as a result (physical description) of a failure mechanism. 

In quality and reliability engineering, it is very important to identify all potential failure 

modes for the associated function, component, or system. This information is then used 

in system failure effect analysis. Usually, a component or system has more than one 

failure mode. 

A failure mechanism refers to the process that created the failure. It often is very 

complicated. Kalsi et al [1990] in their reliability research on check valves in nuclear 

power plant operation classified failure modes as wear and fatigue. A reliable 
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quantitative prediction model was developed to predict degradation trends and determine 

suitable inspection intervals. Research [Tsai and Lee, 1992; Lee, 1992] showed that a 

robot's typical performance failure mode is usually poor position accuracy and path 

straightness. This variable represents the degraded performance of the robot, caused by 

mechanical wear, backlash of the gear train, vibration, thermal effects, and so on. 

Another successful illustration is cited by Kim and Kolarik [1992] in twist drill 

operation monitoring. In their research, the tool failure mode is defined as excessive 

wear. In general, the failure of a twist drill may happen in one or two modes, fracture or 

chipping and excessive wear [Trent, 1977; Kaldor and Lenz, 1980]. Further research 

indicates that under normal cutting conditions, failure in the fracture mode is observed 

most with small size drills. Excessive wear is the dominant failure mode with large size 

drills [Thangaraj and Wright, 1988b]. More detailed studies of failure mechanisms in 

twist drill operations can be found in Kanai and Kanda [1978]. 

A system is said to fail when it ceases to perform its intended function. When there 

is total cessation of function, the system has clearly failed. Often, however, system 

functionality is not binomial. Hence, it is necessary to define failure quantitatively 

through the deterioration or instability of function (in order to consider more subtle forms 

of failure). In cutting tools, for example, wear of the tool surfaces to some predetermined 

level is a frequently cited criterion for tool failure [Kaldor and Lenz; 1980; Kim, 1991]. 

In performance reliability analysis using indirect measurement, the criterion of failure is 

given by the critical limit value of the variable [Knezevic, 1993]. In Kim [1991], the 
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thrust force limit is used as the drill failure criterion, instead of actual wear on the tool 

surface. 

In some cases, a system or component has multiple failure modes that make the 

problem of estimating a life distribution very difficult. It is clearl> improper to use the 

data relative to one failure mode to estimate the life distribution with regard to another 

failure mode. In multiple failure mode analysis, a concept called multiple-failure-mode 

probability levels is used [Kumamoto and Hemley, 1996]. Denote that P is a single-

failure-mode probability for a component during operation. Denote that PQ is an overall 

component failure probability during operation. Note that the overall probabilit}' includes 

all failure modes. Qualitative levels for probability P are dependent on what fraction of 

PQ the failure mode occupies. In other words, each level reflects a conditional probability 

of a failure mode, given a component failure. A five-level category is used, from frequent 

to extremely unlikely, to analyze multiple failure modes. For example, level A, frequent, 

is P > 0.20Po, level B, reasonably probable, O.IOPQ < P < 0.20Po and O.OOIPQ > P for 

level E, extremely unlikely are used. This method is used in failure mode and effects and 

criticality analysis (FMECA). 

Suppose that a system or a product has a potential time to failure for each of M 

failure modes, which are called competing failure modes or competing risks. 

Experimenters in product life tests, where the result yields a mix of failure modes, have 

no valid way to extrapolate the test data to estimate the product life distribution at a 

design stress. Nelson [1990] briefly presents the basics of this topic. The models and 

analyses are described as 
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Series-system model; 

Data analyses on individual failure modes; 

Product life estimate when all failure modes act; and 

Product life estimate with some failure modes eliminated. 

The series-system model forms a base for system/product analysis with competing 

failure modes. If a product's life is the smallest of those M potential times to failure, such 

a product is called a series system. Such a system fails when the first failure mode 

occurs. If 7, ,...,r^ denote the potential random times to failure for the M failure modes, 

then the system random time T to failure is 

r=min(7; , . . . , r^) . 

Note that in reliability, the term "series system" does not imply physical series 

connections of components in the system. The concept of series refers only to how such 

system failure depends on component failure. 

For a certain working condition, let Rit) denote the reliability function of the product 

at age t. Let /?, it),...,R;^ it) denote the reliability functions for the M failure modes. 

Suppose that the times to failure for the different modes are statistically independent. 

Then, the system reliability is 

Rit) = PiT > r) = PiT^ >tnT2> tn...nTM > t) 

= PiT,>t)PiT2>t)...PiT^ >t), (2.18) 

since T^,...,T^ are statistically independent. Thus 

Rit) = R^it)R,it)...R^it). (2.19) 
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Equation (2.19) shows the product rule for reliability of series systems with independent 

failure modes. For a mixture of distributions, components come from different sub-

populations, and the system reliability function is a w eighted sum of their reliability 

functions [Hahn and Meeker, 1982]. 

Another feature of series systems with statistically independent failure modes is that 

their hazard functions (failure rates) and cumulative hazard functions are simply the 

sunnmation of the corresponding functions of each of the M failure modes. Consider the 

cumulative hazard function Hit) of the system and //, (r),//2(n....,//^^(r)for each of 

the M failure modes at a stress level. The product rule can be written as 

exp[-//(r)] = exp[-/f,(r)]. . .exp[-// , ,(r)], 

or 

Hit) = //, it) + H, it)+...+H_^ it). (2.20a) 

Taking the derivative of Equation (2.20a), the s>stem hazard function (failure rate) is 

hit) = h,it) + h^it)+...+h^it). (2.20b) 

For series systems with statistically independent failure modes (competing failure 

modes), failure rates add. This is called the addition law for failure rates in a series 

system with competing failure modes. Figure 2.3 shows the addition law, the hazard 

functions of a system and its two failure modes at a particular stress level [Nelson, 1990]. 

Many consumer and industrial products are series systems of components or 

subsystems, and they can be studied through series modehng. Sidik [1980] uses the 

series model for battery cell tests and Xelson [1983] for metal fatigue analysis in 

competing failure modes. However, any system or product which has redundant 



components does not follow a series model. A redundant (duplicate) component failure 

does not cause system failure. Such redundancy is used for improving system reliability, 

often found in military and aerospace systems. 

Aget 

Figure 2.3. Hazard functions of a series system and of its two failure modes [Nelson, 
1990]. 

2.2.5 Stress-Strength Models and Cumulative Damage 

Stress-strength models provide the mechanisms to develop physical based reliability 

analyses. Stress-strength modes also form the basis for stress-cycle, cumulative damage 

modeling. In proactive quality-reliability practice, stress-strength relationships, modeled 

in either a deterministic or a probabilistic fashion, are fundamental tools [Kolarik, 1995]. 

Defining two random variables, L and C, to represent stress/load and strength/capacity, 

respectively, reliability in stress-strength models is defined as 

Reliability: R = Pisuccess) = PiL<C) 

Failure: R = Pi failure) = PiL>C) 
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where L > 0 and C > 0. 

Classical stress-strength reliability modeling considers both stress and strength as 

time independent. And they are treated as deterministic quantities or probabilistic 

random variables [Gertsbakh and Kordonskiy, 1969]. 

However, in reality, both load and capacity and hence their probability density 

functions tend to change with time and/or number of previous stress applications. If the 

change occurs with the passage of time, the effect is called aging. It typically results in a 

decrease in strength. If changes in strength are functions of a number of stress 

occurrences, the effect is called cyclic damage. In cumulative damage, the strength is 

usually affected by both the number of stress occurrences and their magnitude 

simultaneously. 

In modeling cumulative damage, if it is assumed that the cumulative damage 

weakens the strength of the part at each occurrence by an amount proportional to the 

applied stress, then a cumulative damage law based on the sum of the applied stresses can 

be adapted [Kapur and Lamberson, 1977] 

y. = yo-tc,x,. (2.21) 
/=i 

where y^ is the initial strength, y„ is the strength after n load occurrences, .v. is the i^^ 

load, the c,'s are proportionality constants. 

To model the reliability in the cumulative damage case, where the strength changes 

with time or the number of load occurrences, let ŷ  be the strength after k load 

25 



occurrences, and y^. be modeled as a deterministic function of the initial (random) 

strength ŷ  and k. 

Then, 

yk =hiyQ,k). 

Assume that the stresses XQ,x^,...x^ are independent with distribution functions 

FQ,F^,...,F^, respectively. Then the reliability 

Rn = ^[Uo < >'o)^(^i < Ji)n...n(.x„ < y j ] . (2.22) 

Since the strength ŷ  is a known function of the initial strength yg, Equation (2.22) may 

be rewritten as 

Rn = ^{(^0 <>'o)'^[^i <hiyQ,l)]n...n[x^ <hiyQ,n)]}. 

If the initial strength yo is between y and y+dy, then the probability of success, 

defined by event E, may be written as 

P(£:iy<yo<>' + )̂') = (̂-̂ i <y)P[x2<hiy,\)]...P[x^ <hiy,n)]. 

Hence, the reliability P„ is 

R^ =j;F,iy)F,[hiy,l)l..FJhiy,n)]giy)dy, (2.23) 

where giy) is the p.d.f of the initial strength. 

Assume that 

yk =hiyo^k) 

= yQ(l>ik) 

where (pik) is a monotonically decreasing function of k, then. 
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Rn = lo g(y){flny(l>(0]}dy. (2.24) 

As discussed above, in traditional reliability engineering, reliability is classically 

thought of in a binary sense, and the metric used to characterize reliability, such as 

reliability function, hazard function, mean time to failure, etc., is based on the probability 

distribution of time to failure. In the development of performance reliability, the 

reliability characteristics are assessed from the information mined in the physical 

performance degradation data. And the performance reliability or conditional 

performance reliability can be assessed in a continuous sense, describing the condition of 

the system at every instant of operating time. If the system has multiple failure modes 

which are statistically independent, then the entire system performance reliability can be 

estimated using the product rule. 

Provided system conditional performance reliability is properly defined in terms of 

physical performance, conditional performance reliability up to a future time, can be 

estimated by forecasting future physical performance and assessing the magnitude of this 

forecast with respect to a performance failure threshold. Developing adequate forecasts is 

challenging and involves a performance - time sequence. A sequenced data set or a 

realization of a stochastic process is a time series. Section 2.3 discusses methods 

commonly used in time series modeling and forecasting. 

2.3 Time Series and Forecasting 

As discussed in previous chapters, system self-assessment of survival is implemented 

through measuring system physical performance across time. In physical performance 
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modeling and forecasting, the historic performance data are treated as a time series. The 

objective here is to review and study relevant methodologies in time series analysis. 

2.3.1 Overview 

A time series can be thought of as an ordered sequence of observations. The 

ordering is usually through time, particularly in terms of equally spaced time intervals. 

Theoretically, a time series is defined by a stochastic process. A stochastic process is a 

family of (time indexed) random variables {F, ,r G T} defined on a probability space (Q, 

F, P). In time series analysis the index set T is a set of time points. From the definition 

of a stochastic process, it is noticed that for each fixed t eT, y,is a random variable on 

the set Q, while for each fixed a; G Q , F, ico) is a function of 7 . A time series, 

ly,,/ G TQ}, is a realization or sample function from a stochastic process {Y^,! ET} , 

where T 3 Tg. It is clear that each observation y, in a time series is a realized value of a 

certain random variable Yt. 

In time series analysis, the autocovariance function is used to gain insight into the 

dependence between a finite number of random variables. The autocovariance function 

/(•,•) of {y,} is defined as 

Yyir,s) = CoviY,,Y^) = E[iY, - EY,)iY, - BY,)], (2.25) 

where r,s eT. And the correlation function between Y^ and Y^ is defined as 

Yir,s) 
p(r ,5) = - 7 = ^ - - i = . (2.26) 
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Stationarity is an important concept in time series analysis. A time series is said to 

be stationary if 

£:iy,l^<oo, EY, = jj,, and YYir,s) = yYir + t,s + t) for all r G R, where 

R = {0, ±1, ± 2,...}; otherwise, the time series is non-stationary. For a stationary series, 

its mean £(7,) = ^ and variance Var(y,) = Var(y,^^) = EiY, - ji)^ = o^, which are 

constant over time, and the covariances Cov( Y^,Y^) are functions only of the time 

difference \r-s\. Hence, in this case, the covariance and the correlation between Yr and 

Ys can be expressed as 

7, =CoviY^,Y,) = EiY,-^)iY_,-il), (2.27) 

and 

cov(y n) n (2.28) 

^' VVar(y,)VVar(y,) 7o ' 

where /Q = Var(y,) = Var(yj, and k = \r-s\. 

As a function of k, commonly, 7^ is called the autocovariance function and p^ is called 

the autocorrelation function (ACF). 

According to Box, Jenkins and Reinsel [1994], most research studies on time series 

are concerned with the following practical problems: 
1. The forecasting of future values of a time series from current and past data. 

2. The determination of the dynamics of a system subject to the system transfer 

function. 

3. Analysis of effects of unusual intervention events to a system, and 

4. Control of a discrete dynamic system. 
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A forecast is a postulation as to what may happen in the future. Moreover, it usually 

assumes, in linear time series analysis, that some aspects of past patterns will continue 

into the future. In the last few decades, a large number of forecasting methods, based on 

a quantitative approach, have been proposed and implemented [Makridakis, 1991]. These 

forecasting methods have focused on three approaches that seem to be most important 

and in most general use [Newbold and Bos, 1994]: 

1. Regression methods. 

2. Exponential Smoothing algorithms. 

3. ARIMA (Autoregressive Integrated Moving Average) methods. 

Both exponential smoothing algorithms and ARIMA methods, in their basic variants, 

perform the prediction of future values of a process exclusively on the basis of its own 

past history. While regression analysis is designed to model mathematical relationships 

among processes, such relationships might be exploited for forecasting purposes. Both 

regression and ARIMA methods are based on the construction of formal statistical 

models that describe the behavior of the time series. These models can then be projected 

into the future to develop predictions. 

By contrast, exponential smoothing algorithms do not explicitly require formal 

model building and estimation, rather, they employ a set of intuitively plausible 

algorithms that provide successful short-term forecasts in reasonable quality with 

minimal effort [Chatfield,1986]. In recent years, neural networks have been studied and 

advocated for applications in non-linear time series modeling and prediction. These 

applications employ feedforward neural networks and feedback recurrent neural 
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networks. In the following sections, relevant time series topics, research results, and 

applications are reviewed and discussed. 

2.3.2 The Box-Jenkins (ARMA) Models 

Box and Jenkins [1976] introduced ARMA (Autoregressive Moving Average) and 

ARIMA (Autoregressive Integrated Moving Average) models which are now widely used 

in time series modeling and forecasting practice. In the exponential smoothing approach 

a particular forecasting algorithm is apphed to a time series without first making a careful 

and thorough study of the properties of that series. However, in the Box-Jenkins method, 

the properties of observed data are assumed to be available to the investigator. This 

method develops an appropriate forecast function for time series data. The model is used 

for forecast purposes. 

The general ARIMA model has the following form [Box et a/., 1994]: 

(/>(5)(1-5)^Z, =eiB)a, , (2.29) 

where 

0(5) = (1-0,5-...-0,5"); 

0(5) = (1 + 0,5+...+0,5'^); 

B is the backshift operator; and 

p, q> 0 and d>0, and a, is a white noise process with zero mean. 

If <i = 0, it forms an ARMA model. Further, if either p or ^ is zero, then the result is a 

subset, ARI (Autoregressive Integrated) model or IMA(Integrated Moving Average) 

model. Classical Box-Jenkins models describe stationary time series. In order to 
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tentatively identify a Box-Jenkins model, it must be determined whether the time series is 

stationary. If it is not, the time series data are converted to a stationary series before 

applying the ARMA method. 

There are several methods available to convert a nonstationary time series to a 

stationary one. Differencing is often used to remove the trend component of a 

nonstationary series. Then, the ARMA model is applied to the differenced series, which 

is stationary, 

0(5)y, =0(5)a , , (2.30) 

where y, is differenced Z^ ,Yi- Z,^, - Z, . For the original data an ARIMA model, 

including an integrated part, is used to fit the data set. 

In the ARIMA method, forecasts of future observations depend on the model which 

best fits the observed time series data. There are many possible forecast functions from 

which a choice can be made. In practice, two restrictions are applied in the ARIMA 

model-building approach: 

1. The forecasts are linear functions of the sample observations. 

2. The aim is to find efficiently parameterized models ~ or parsimonous models 

[Ledolter and Abraham, 1981; Newbold and Bos, 1994]. 

In the Box-Jenkins method, model building for given data involves the iterative 

three-step cycle: model selection, parameter estimation, and model validation (checking). 

The first step, the most challenging in practice, requires the selection of a specific model 

from the general class. That is, the analyst must determine the appropriate degree, d , of 

differencing, and also the autoregressive and moving average orders, p and q , for the 
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ARMA model to be fitted to the differenced series. These decisions can be judged based 

on the evidence in sample statistics, such as ACF, PACE, that are readily computed from 

the given time series data. 

One popular criterion for model structure selection is the Akaike information 

criterion (AIC), determining/?, q values with a minimum AIC. At the second stage, the 

model's parameters are estimated using efficient statistical methods, such as maximum 

likelihood and least squares estimation. Usually this stage obtains not only the estimates 

of parameters but also boundaries for parameter estimates. 

Finally, model adequacy is checked by performing a white noise check on the model 

residuals. Any lack of adequate fit that is revealed may suggest some alternative 

specification. Thus, the cycle of model selection, parameter estimation, and model 

checking is repeated until a satisfactory fitted model is finally achieved [Box, Jenkins, 

and Reinsel, 1994]. The best model chosen is used for forecasting. The quality of the 

forecast is monitored. The parameters of the model may be re-estimated or the entire 

modeling process repeated if the quality of forecast deteriorates. 

The Box-Jenkins approach has attracted a good deal of attention since it possesses a 

systematic procedure to provide a broad class of possible generating models, and 

consequently has a wide variety of possible forecast functions and applications. 

However, both the theoretical details and practical implementation of this methodology 

are quite complicated [Newbold and Bos, 1994]. Sometimes experience is needed to 

judge the model selection. Discussions pertaining to fully automatic forecasting 

procedures, without the need for manual intervention or user judgment, can be found in 
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Libert [1984], and Texter and Ord [1989]. However, Newbold and Bos [1994] point out 

that the preferred methods are those with no automation, provided users have available 

time for careful thought and selection. 

2.3.3 Exponential Smoothing Algorithms 

In general exponential smoothing of a time series is concerned with decomposing the 

variation into four components: trend, seasonality, cycle, and irregular fluctuations 

[Aczel, 1989]. The general model can be expressed as: y, =7,© St® It, where y, is a 

time series; T, is a trend and cyclic component; St is a seasonal component, and lit) is an 

irregular component. The symbol, ®, presents additive or multiplicative relationships. 

Forecasting methods based on exponential smoothing allow slow changes in the 

magnitude of the seasonal effect and the form of the trend relationship. If the focus of 

interest is forecasting the future rather than studying the behavior of the observed data, 

then the relevant quantities to be estimated are the most recent trend and seasonal terms. 

Therefore, exponential smoothing, as an approach to short-term forecasting, has wide 

applications in industry [Gardner, 1985]. 

There is not a unique forecasting algorithm known as exponential smoothing. 

Exponential smoothing is a general forecasting method that has led to the development of 

several alternative procedures, depended on the characteristics of the time series of 

interest. The algorithms adapted in practice are usually justified based on intuitive 

plausibility and successful practical experience in applications. However, some research 
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[Muth, 1960; Harvey, 1984] has shown that particular exponential smoothing algorithms 

do yield optimal forecasts for time series which have specific underlying models. 

Exponential smoothing methods which have wide applications for short-term 

forecasts in industry are attractive for several reasons: 

1. Model formulations and computation are relatively simple. 

2. Algorithms work in recursive fashion, which is good in real-time 

implementation. 

3. Limited data storage and computational effort are required. 

4. Tracking signal tests for forecast control are easy to apply, and 

5. Surprising accuracy can be obtained with minimal effort in model identification. 

A wide variety of algorithms or formulas for exponential smoothing exist. They may 

be applied to different situations. Simple exponential smoothing uses a weighted average 

of the observations y,, y,_i,... to estimate the current level of a series at time t with 

highest weight to the most recent observation. The weights decrease exponentially for 

more distant observations. The simple exponential smoothing algorithm yields constant 

forecasts for all future values of a time series. 

In some situations, the observed data contain information that allows anticipation of 

future upward or downward changes, e.g., through the estimate of a local level and a 

linear trend over time. The linear trend algorithm. Holt's algorithm, adapts estimates of 

local level and slope over time when new observations become available. Forecasts of 

future observations then follow from an assumption of a continued period-by-period 

increase in the amount of the latest slope estimate based on the latest level estimate. 
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Another alternative approach used for linear trend forecasting is the double 

smoothing algorithm. This algorithm involves using the simple exponential smoothing 

algorithm discussed above twice [Brown, 1959; Brown and Meyer, 1961]. The observed 

series Yt is smoothed by a simple smoothing algorithm, yielding the series L\^^ , and then 

the smoothed series is smoothed again, using the same smoothing constant, to obtain 

double smoothed results, L\^^ . More discussion on fundamentals of exponential 

smoothing algorithms appears in Chapter IV. It should be noted that the double 

smoothing algorithm is a special case of Holt's linear smoothing algorithm. 

In many industrial applications in time series analysis, the data have a strong seasonal 

component. Winters [1960] extended the Holt's algorithm to allow for seasonality. The 

Holt-Winters algorithm also has two possible lines of development, depending on 

whether seasonahty is taken to be additive or multiplicative. Other research work has 

focused on exponential smoothing models for non-linear trends, see Pegels [1969], 

Brenner et al. [1968], and Roberts [1982]. They have suggested several smoothing 

models for exponential trends. In their work, the local slope of the process is estimated 

by smoothing successive ratios of the level of the series. McKenzie [1976] modified the 

linear trend model to allow damped exponential trends, and Lewandowski [1982] used 

damped-trend-like models on time series. 

General exponential smoothing (GES) or direct smoothing describes the adaptation 

of discounted-least-squares (DLS) to fit series data to certain functions of time. The 

functions of polynomials, exponentials, sinusoids, and their sums and products are 

commonly adapted. The main difference between GES and the ARMA method is that 
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there is little emphasis on identification of models. The difference from Holt-Winters is 

that GES uses sinusoidal components to model seasonality. A GES model is formulated 

as a multiple linear regression [McKenzie, 1976]. The data fit and estimate of vector 

coefficients of a GES model can be found in discussions for different cases [Brown, 

1982; Dobbie, 1963; McKenzie, 1976; Sweet, 1981; Montgomery and Johnson, 1976]. 

Brown [1963] showed that GES for a polynomial model is equivalent to multiple 

smoothing with a certain smoothing constant value. This conclusion implies that if the 

data are non-seasonal, then there is no reason to use GES. An equivalent and simpler 

model from the Holt-Winters class can always be formulated. If the data are seasonal, 

GES differs considerably from Holt-Winters. The coefficients of sine and cosine 

functions in GES construct the seasonal terms in modeling, while in Holt-Winters the 

seasonal terms are indexes of the typical level in each period. 

Although exponential smoothing algorithms have wide applications in industry, in 

general, it is thought that there are two main problems in practical implementation of the 

algorithms: initial values and interval forecasts. However, Makridakis and Hibon 

[1991] have reviewed a number of procedures in common use for setting initial values, 

concluding that forecasting accuracy is not affected by the type of initial values used in 

the great majority of cases. 

In time series modeling and predicting, characterizing uncertainty in parameter 

estimation and prediction is accomplished through confidence intervals. The objective of 

statistical model building, such as ARIMA, is the description of the random as well as the 

deterministic element in the data generating process. Most procedures of exponential 
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smoothing algorithms focus on the calculation of point forecasts involving no explicit 

random element, hence, there is no natural framework in these algorithms for the 

provision of interval forecasts. Fortunately, it is possible in some cases to find a 

statistical model for which particular exponential smoothing algorithms yield optimal 

point forecasts, and therefore, corresponding interval forecasts. 

Muth [1960] was the first of many to prove that simple smoothing is optimal for the 

ARIMA (0,1,1) process. The Hoh linear trend model has been proved optimal for a 

random walk with a linear growth term [Theil and Wage, 1964; Nerlove and Wage, 1964; 

Harrison, 1976]. They also proved optimality of the algorithm for the ARIMA (0,2,2) 

type process. Harvey [1984] showed that the steady-state Kalman filter reduces to the 

Holt-Winters model. Roberts [1982] showed that the damped trend model for non-

seasonal data is optimal for the ARIMA (1,1,2) process. These research works reveal the 

foundations of interval forecasting in using corresponding exponential smoothing 

algorithms. Confidence interval estimates are required for forecasting in system self-

assessment of survival. 

2.3.4 State Space Modeling of Time Series 

Traditional methods in time series analysis are directed toward scalar-valued data, 

and usually represent time series or the differenced version, by scalar models such as 

ARIMA. State space models have been developed from modem control theory. In a state 

space model, a time series is viewed as being generated by dynamic systems which 

transform information in present and past exogenous signals into future observations. 
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State Space Models (SSM) present a very general approach to time series modeling 

which can be used for both univariate and multivariate, linear and non-linear time series 

modeling. Due to the development of the Kalman filtering technique, single time series 

and multiple time series in state space models can be processed recursively in estimation 

of parameters and states, as well as in time series forecasting. 

The state space representation of a system is a fundamental concept in modem 

control theory. The state or state vector of a system is defined to be a minimum set of 

information from the present and past. The future behavior of the system can be 

completely described and determined with information about the present system state and 

future inputs [Ogata, 1997]. Thus, the state space representation is based on the Markov 

property of nature. 

For a linear time-invariant discrete system, its state space representation is usually 

described by the state equation or transidon equation 

x^^j= Ax/^+Gu,^, (2.31) 

and the output or measurement equation 

Y^ = Hx^, (2.32) 

where jĉ  e R" is a state vector, A e P'"" is a transition matrix, G G P'"* is an input 

matrix, U^ER'' is called a vector of the input to the system, y^ G P"" is the vector of the 

output, and H G P*^'" is an observation or measurement matrix. If both the input u^ and 

output y^ are discrete stochastic processes, then the state space representation of a 

stationary stochastic process Y^ becomes 
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Xk^i= ^k +Ga^, (2.33) 

Yk = Hx,^ +e^. (2.34) 

In a dynamic system view, the process or time series y^ is the output of a time-

invariant Unear stochastic system driven by a white noise input a^. The x^ is known as 

the state of the process. The transition equation can be interpreted as describing the 

evolution of the state x^ of a system at time k in terms of a known sequence of random 

vectors Xj, aj,a2,.... Then, the observation equation defines a sequence of 

observations, y^ , which are obtained by applying a transformation to x^ and adding a 

random noise vector, e^ . Assume that the system matrices are independent of time k , 

and the noise vectors have the following assumptions [Brockwell and Da\is, 1991]: 

i. Eoj^ = 0 and Ee^ = 0 for all time k. 

ii. Eiaj^aj^) =Q and Eiei^ej^) = ^~, Sind 

iii. {jc, ,(flĵ  ,ej^)', for all A: } is an orthogonal sequence of random vectors with finite 

second moments. 

In applications, usually, at each time step, say k+l, the state is estimated by known 

observations up to time k. 

Having the state space model for multiple time series, recursive forecasting is 

achieved using the state space filtering algorithms. State space filtering (the Kalman 

filtering) is well known and may be written most conveniendy in the general "prediction-

correction" form [Aoki, 1990; Grewal and Andrews, 1993]. Given initial conditions for a 

state space model, model forecasts can be calculated recursively through time. 
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It should be noticed that the recursive prediction of a multiple time series in the state 

space model is based on the assumption that the system feature matrices are know n. 

However, in this research work, only the observations of yik) up to current time k are 

given. Hence, in practice, the system self-assessment of survival studied in this research 

should include the structure identification and subsequent parameter estimation for the 

complete state space model. In other words, the problem of assessment should be sohed 

in recursive terms, with the parameters being estimated recursively, as well as the states. 

From a theoretical standpoint, the most obvious approach is to formulate the problem in 

maximum likelihood terms. If the stochastic disturbances in the state-space model are 

assumed to be normally distributed, the likelihood function for the observations may then 

be obtained from the Kalman filter through prediction error decomposition [Schweppe. 

1965]. But usually, it is not easy to solve the maximum likehhood (ML) problem, 

especially in recursion [Ng and Young, 1990]. 

Another alternative approach to this problem is sequential spectral decomposition 

(SSD) [Ng and Young, 1990]. This method is based on application of the state-space, 

fixed-interval smoothing algorithms to the various component models. It exploits the 

spectral properties of the smoothing algorithms to sequentially decompose the time series 

into quasi-orthogonal estimates of the trend and periodical components in a time series. 

In the early 1960s, to model non-stationary time series, researchers utilized 

estimation techniques which were able to handle models with parameters that ma> \ ar\ 

over time by developing recursive techniques for time-variable parameter (TVP) 

estimation [Young, 1970, 1984]. Here, the parameter variations were modeled by some 
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form of stochastic state-space model. Such TVP models have been in use in the control 

and systems field. Kopp and Orford [1963] pioneered the use of Kalman's filtering and 

estimation theory. Young [1970, 1971] applied the same device to self-adaptive control. 

Other researchers applied it to recursive estimation [Harrison and Stevens, 1976]. In the 

early 1980s, the TVP recursive estimation was developed for structural time series 

models employing the standard Kalman filter-type recursive algorithms [Harrison and 

Stevens, 1976; Kitagawa, 1981; Harvey, 1984]. The jusdfication of using these 

algorithms is not the traditional "optimality" in a prediction error or maximum likelihood 

(ML) sense. Rather, the algorithms are utilized in a manner which allows for 

straightforward and effective sequential spectral decomposition of the time series into 

quasi-orthogonal components. 

The recursive smoothing algorithm [Young, Ng, et al., 1991], in the SSD approach, 

based on the integrated random walk model, is applied to data to estimate any possible 

trend component, which is then removed by simple subtraction. Having extracted any 

low-frequency non-stationarity in a "detrend" step, the remaining component is then 

modeled in some other process model, using recursive estimation again [Ng and Young, 

1990; Young, P. and Young, T., 1990]. Model selection for the detrended data depends 

upon the underlying process or data set. 
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2.3.5 Artificial Neural Networks and Forecasting TS 

Neural network technology and research have appeared in most application fields. 

Due to their capability for solving complex, non-linear problems, neural networks are 

attractive in applications. One of these is time series modeling and forecasting. 

Artificial Neural Networks (ANN) are used in forecasting time series. Feedforward 

perceptron networks [Tang etal., 199\], radial basis function (RBF) networks [Leonard 

et al., 1992] and recurrent neural networks [McDonnell and Waagen, 1994; Connor et 

al., 1994] have been described. Multilayer perceptron networks used for time series 

prediction contain nonlinear mapping between the inputs and outputs [Zurada,1992]. A 

typical multilayer perceptron network with an input layer, an output layer and two hidden 

layers is shown in Figure 2.4. Here, three weight matrices w', w^, and w^ and a 

diagonal non-linear operator, F , with identical sigmoidal functions following each of the 

weight matrices are employed. Each layer of such a network can be represented by the 

operator 

N.[x] = r[w'x], 

and the input-output mapping of the multilayer network can be represented by 

y = N[x] = r[w'r[w^r[w'x]]] = N.N^N.M . (2.35) 

The weights of the network w', w^, and w^ are adjusted to minimize a suitable 

function of the error, e , between the output y of the network and a desired output y^ . 

This results in the mapping function N[x] realized by the network [Narendra and 

Parthasarathy, 1990], From a system theoredcal point of view, multilayer perceptron 

networks can be considered as versatile non-linear mapping functions. This feedforward 
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type of network is most often used in time series forecasting, with past time series values 

serving as the inputs and the desired future value as the output. 

Input Hidden Hidden Output 
pattern layer layer pattern 

Figure 2.4. A multiple perceptron network with two hidden layers [Narendra and 
Parthasarathy, 1990]. 

In the last ten years, significant research work has been reported on forecasting time 

series using perceptron networks. Lapedes and Farber [1987] reported that simple neural 

networks could outperform conventional methods in time series analysis with two 

specific time series without noise. Fishwick [1989], in his experiment, showed that for a 

ballistics trajectory function approximation problem, the neural network used offered 

little compedtion to the traditional linear regression and surface response model. A 

forecasting competition between a neural network model and a traditional forecasting 

technique was conducted by Sharda and Patil [1990]. The results showed that the simple 

neural network could forecast about as well as the Box-Jenkins forecasting system. Each 

of the methods performed better than the other about half of the time. Tang et al. [1991] 
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reported research results of a comparative study of the performance of neural networks 

and conventional methods (ARIMA) in forecasting time series. They experimented with 

three time series of different complexity using feedforward, backpropagation neural 

network models and the standard ARIMA model. They concluded that neural networks 

provide a promising alternative approach to time series forecasting. For time series with 

long memory, both ARMA models and neural network models perform well, with 

ARMA models slightly better for short term forecasting. For short memory time series, 

neural networks outperformed ARMA models [Tang et al., 1991]. 

Another type of feedforward network often used in approximation and forecasting is 

the radial basis function (RBF) neural network. A typical RBF network consists of three 

layers of nodes with successive layers' fully connected. A RBF network with n inputs 

and a scalar implements a mapping: R" ^^ R according to 

/ . ( X ) = A O + X A . 0 ( I I X - C J I ) (2.36) 
( = 1 

where xe R" is the input vector, 0(.) is a given function, usually a Gaussian function 

0(v) = exp(-v^ / p^); II. II denotes the Euclidean norm. A,, 0 < / < n^, are the weights, 

c. G P", l<i<n., are known as the RBF centers, and n^ is the number of centers. In 

the RBF network structure design, theoretical investigation and practical results suggest 

that the choice of the nonlinearity 0(.) is not crucial to the performance of the RBF 

network [Powell, 1987]. Research results on time series prediction using RBF neural 

networks can be found in [Chen, et al., 1989; Chinnam et al., 1995; Leonard, et al., 1992; 

Girosi, 1992]. 
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In the practice of using RBF neural networks, the centers of a RBF neural netw ork 

are normally chosen from the data points. However, some data points, as centers, 

arbitrarily chosen cannot guarantee adequate performance because they may not satisfy 

the requirement that centers match samples in the input domain. Sometimes, to achieve a 

given performance an unnecessarily large RBF network may be required. This usually 

causes computational complexity and often numerical ill-conditioning. The research 

work on how to select centers for a RBF network in order to improve RBF netw ork 

performance can be found in [Leonard et al, 1992; Chen et al, 1989, 1991]. 

Leonard et al [1992] summarized the method of determining the parameters of a 

RBF network in three steps. First, unit centers are determined by A:-means clustering. 

Next, ap-nearest neighbor heuristic is used to determine the unit widths. Finally, second-

layer weights are determined initially by linear least squares. Chen et al [1989, 1991] 

showed another alternative for center selection in a RBF network using the orthogonal 

least squares (OLS) algorithm to obtain adequate and parsimonious RBF networks. 

Detailed discussion on this research can be found in [Chen et al, 1989,1991]. 

A feedforward network architecture stipulates that connections between pairs of 

nodes are uni-directional. A connection between node / and node j would contain one 

weight. A recurrent network relaxes this definition to allow for connections in both 

directions as well as self-connections. Current research indicates that recurrent networks 

may provide a model for neuron activity in the brain [Zipser, 1990]. 

Recurrent networks are decidedly more difficult to analyze. However, since 

recurrent networks contain feedback loops, recurrent networks possess unique features. 
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The generality of a recurrent network may provide functionality unavailable in 

constrained networks. The output of a recurrent network is a function of pre\ ious outputs 

as well as current inputs. A recurrent network can be trained to oscillate and has been 

used to generate a limit cycle [Pearlmutter, 1990]. Stable dynamic systems may process 

one or more fixed point attractors or may be attracted to a limit cycle. In this case, the 

system settles into an oscillating trajectory. Due to this feature of recurrent networks, 

they may be useful for modeling and predicting the behavior of a dynamic system. For 

time series prediction using a recurrent network, the inputs to the network are changing, 

which results in a network that usually never reaches a fixed point. In this manner, 

recurrent networks can be used to predict a continuous range of values. While, in another 

fashion, recurrent networks start from a given state and settle to a fixed point which is 

used for classification. 

Significant research work has been reported on predicting time series using recurrent 

neural networks. The evaluation on the performance of recurrent networks in predicting 

time series can be found in [Logar, 1992; Connor et al, 1991, 1994; Nerrand et al, 

1994], Connor et al [1991, 1994] pointed out that for the prediction of stochastic 

processes which have a moving average (MA) component, the recurrent networks have 

advantages over feedforward networks. Their empirical results showed that for modeling 

a time series with an MA component, a recurrent network works better than other 

networks. Furthermore, they concluded that the use of nonlinear predictors, such as 

neural networks, is superior to the best linear predictor for some common linear time 

series. Later research established that recurrent networks were a special case of nonlinear 
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autoregressive moving average models, NARMA, while feedforward networks are show n 

to be a special case of nonlinear autoregressive models, NAR [Connor et al, 1994]. One 

may conclude that recurrent networks are good alternatives for modeling time series 

which contains moving average components. 

2.3.6 A Brief Summary for Time Series Forecasting Methods 

In the above discussion, only the four related methods, exponential smoothing 

algorithms, Box-Jenkins methods, state space modeling, and neural network modeling, in 

time series analysis were briefly reviewed and discussed. They all see wide applications 

in different aspects of engineering, economic analysis, system estimate, and control 

applications. 

Exponential smoothing algorithms feature minimal data storage requirements, and 

forecast in recursive fashion with relatively satisfactory accuracy in short-term 

forecasting. Exponential smoothing is a good candidate method for real-time survival 

assessment based on a system performance measurement. The shortcomings for these 

algorithms are that only a few simple algorithms offer statistical support in modeling, 

forecasts and error analysis. 

In contrast to exponential smoothing, the Box and Jenkins method (ARIMA models) 

provide a systematic technology in time series analysis in model identification, 

estimation, and model verification with a relatively strong statistical foundation. They 

offer high accuracy of short-term forecasts in most cases. But, the ARIMA modeling 

technique assumes that there exists a fixed model (over-time based observations). 
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whereas most real processes are likely to be described by a model whose parameters and 

structure change over time. In addition, ARLMA modeling procedures are relati\ ely 

complex. Often intuitive knowledge and experience are involved. These disadvantages 

appear to limit application in real-time system survival assessment. 

State space modeling has advantages based on the fact that if a model can be put in 

state space form, then a number of powerful statistical results become available. In 

particular, optimal predictions of future observations can be made using the Kalman 

filter, and optimal estimates of unobserved components can be made by smoothing. 

Furthermore the Kalman filter can be used as the basis for estimating the unknown 

parameters in the model, as it enables the likelihood function to be broken down in terms 

of one-step ahead prediction errors. However, a full model parameter estimate, based on 

recursive observations, is not always available. It is available only in particular cases, and 

under restricted conditions [Young, 1984, 1988]. 

Neural networks provide a promising alternative approach to time series forecasting 

using both feedforward networks and recurrent networks. Both linear time series and 

nonlinear time series were studied in previous research work. Feedforward networks 

forecast time series by approximating the underlying mapping of the series, and provide 

superior results to the Box-Jenkins model in short memory time series forecasting [Tang 

etal, 1991]. Recurrent networks forecast time series by modehng the behavior of a 

dynamic system, and are well-suited for NARMA prediction. However, in time series 

modeling using neural networks, like in other neural network applications, the network 

forecasting performance depends on a number of factors such as the neural network 
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structure, learning method, and training procedure. The correct design for a network 

depends upon understanding of the underlying features of the time series or process of 

interest. 

It is clear that a dominant time series model does not exist. A trade off or balance 

needs to be made among the objectives in applications. In practice, a modeling method is 

chosen/adapted considering factors of simplicity, accuracy, economics, and timeliness. 
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CHAPTER III 

THEORETICAL ARGUMENTS IN SELF-ASSESSMENT OF SURVIVAL 

3.1 Introduction 

This chapter focuses on the theoretical development of system self-assessment of 

survival in time series modeling of physical performance, developing the connection 

between performance data modeling and survival assessment. The implementation of 

self-assessment of survival is based upon the theory of conditional performance 

reliability, as described in Chapters I and II. When an appropriate definition of a system 

failure is given, performance reliability is defined as the conditional probability that the 

performance measure of the system is less (or greater) than a performance critical limit 

(which represents an appropriate definition of a failure in terms of physical performance) 

for a specific period of time or cycles. The basic cases may include (1) smaller is better, a 

performance measure with an upper critical limit, and (2) larger is better, a performance 

measure with a lower critical limit. Figure 3.1 shows the concept graphically. 

A "typical" plot of performance versus time or usage is depicted in Figure 3.2. It 

shows three periods: (1) a wear-in period, the initial rate of performance degradation is 

high; (2) a constant period, the rate of degradation becomes relatively constant and 

remains constant for a considerable time; and (3) a wear-out period, the degradation rate 

increases at "old age." The performance degradation curve appears generally as a 

reversed "s" shape [Nelson, 1990]. 
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Upper Critical Limit 

ycL 

Time/Usage t 

(a) Lower is better in physical performance. 

c 

Time/Usage t 

(b) Higher is better in physical performance. 

Upper Critical Limit 

B — failure probability 

• — survival probability 

Time/Usage t 

(c) Physical performance measure and performance reliability concept. 

Figure 3.1. Performance measure and performance reliability. 
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^ Ager 

Figure 3.2. "Typical" performance degradation versus performance age. 

Degradation modeling research attempts to express statistical models for the 

degradation across operation time or product age [Carey and Koenig, 1991; Tseng and 

Yu, 1997]. Nelson [1990] summarizes research work characterizing general log linear 

models as a function of product age, t, only. Other models include the Arrhenius model, 

Eyring model, power model and exponential model with working stress [Xue and Yang, 

1997]. In the above analyses, a statistical model of degradation for a populadon is fit to 

the data. In application, the performance of any individual product is expected to follow 

the model, neglecdng differences in individual product dispersion, operating conditions, 

and environmental conditions. 

The proceeding individual unit models illustrate an awareness of the limitations of 

"over all" models in making inferences to specific units. The subsequent research 

formulation, in general, constitutes a real-time conditional probabilistic approach to this 

same degradation issue. 
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3.2 Problem Formulation 

These cases are developed and discussed in the research: (1) a single performance 

measure with a single failure mode, (2) two performance measures with a single failure 

mode, and (3) two performance measures and two independent failure modes. In the 

following sections, conceptual formulations for each case are constructed. Detailed 

development is derived from the formulations described. A general conceptual 

assessment with n performance measures and m failure modes is discussed in Section 3.5. 

3.2.1 The General Statement 

A physical system has j ij =1, 2,..., m) failure modes which are defined in terms 

of performance measures y,, (/ = 1, 2, ..., n). The performance critical limit surfaces 

(planes) for each failure mode are given by a function of performance measures. The 

purpose of system self-assessment of survival is to estimate, at a current time t^, the 

system conditional performance reliability over the period from tc to a given future time 

tf . The condidonal reliability, R.(tf\t^), for each failure mode j , and the entire system 

conditional performance reliabihty, P̂ ^̂  (r. Ir̂ ) is sought. 

3.2.2 A Single Performance Measure and a Single Failure Mode 

Assume that a system has one failure mode, and it is defined in terms of a 

performance measure yit). The critical limit surface is given by y^j^ with regard to the 

performance measure yit). The concept of survival assessment is depicted in Figure 3.3, 

where the shaded area presents the probability of failure at time or usage < t. 
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Kolarik [1988] developed the mathemadcs for conditional reliability which serves as 

the basis for model development for any one given failure mode. Given the definition of 

system failure in terms of a performance characteristic, the performance reliability is 

defined as the conditional probability that the performance measurement y, is less (or 

greater) than a performance critical limit ŷ ^ (which represents an appropriate definition 

of failure in terms of physical performance), given environmental conditions of operation, 

for a specified time period or number of cycles Ar. 

In the single input and single output case, the system has one failure mode, with one 

performance measure used to estimate system performance reliability. The smaller-is-

better case is given in Figure 3.3. 

€ 
£ 

Upper Critical Limit 

7 0 (̂0 

5 • Time/Usage t 
Past 

Present 
Future 

Figure 3.3. The concept of survival assessment in single input case. 

Assume the current time t^ and a future time t^. Let / ( y , ) represent the probability 

distribution of the performance measure Y,, at any point in time or usage, t. Then, the 

probability that system failure will occur up to time or usage, t, for the smaller-is-better 

case, is given by 
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PiF-t) = PiY,>ycL) 

oo 

= lfiyt)dyt r > 0 (3.1) 

ycL 

and the corresponding reliability 

P(r) = l - P ( P ; 0 
oo 

= 1 - \fiyt)dy, t>0 (3.2) 
>CL 

The conditional performance rehability is evaluated as [Kolarik, 1995] 

Ritf\tJ = Ritf)/RitJ 

= U-1 ft,(yt,)dyt,]/[i-l ft^yt^)dy,J, 
y'cL ycL 

where /,^ (.) represents the probability distribution of performance, Y^, at time or usage, 

tf, and / , (.) at time or usage tc. 

The above discussion serves as the base for analysis in the case where time, r, is a 

continuous variable. It also can be readily extended for a discrete case. In engineering 

practice, most applications are computerized in a discrete manner or on a mission basis. 

In time series analysis, the series data are sampled at equal time intervals. The following 

context provides a discussion of system self-assessment of survival considering discrete 

performance measures. 

A system has one failure mode and is defined in terms of performance measure y,, 

where ŷ  denotes a discrete variable with discrete values at r = 0, 1, 2, ... (by the 

increment of Ar). The critical limit surface is given by ŷ ^ for the performance 
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measure y,. The performance reliability is defined as the condidonal probability that the 

performance measure y, is less (or greater) than a performance critical limit \(̂ ^ (which 

represents an appropriate definiuon of failure in terms of physical performance), given 

environmental conditions of operation, for a specified number of cycles Ar. 

In the discrete case discussed here, the estimated condidonal probability at each 

individual time point constitutes the equivalent of a "mission" reliability or one step 

ahead conditional reliability (survival over one time interval, Ar). This concept is 

depicted in Figure 3.4, where the shaded area represents the probability of failure for each 

Ar interval, given the system survived up to the beginning of the interval. 

>'/ 
Upper Critical Limit 

ftiyt) 

" Time/Usage t 

Present 

Figure 3.4. The concept of survival assessment in a discrete case. 

Assume the current time r̂  and a future time r̂  , r, = r̂  -h nAt. Let / , (}•,) represent 

the probability distribution of performance measure y,, at time r, 

ftiyt) ~ ^ ^^t =EiY,\Y,_i,Y,_2,...). o = aQ ] for any Ar interval. Then, the probability 

of system failure, over Ar, for the smaller-is-better case, is given by 

PiF-t) = PiYt>ycL) 
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= ifiy,)dy,, and 
ycL 

the conditional performance reliability (or over time period t. -t^ = nAt), 

n 

'f 

Ritf l̂ c) = n P( survival for interval i). (3.3) 
( = 1 

In the research, a time series model is used to fit performance data, (y,}, up to 

current time t^ and the model predicts the future performance y, as y, , r. > r̂  . 

Standing at current time r̂  and having a n -step ahead forecast of performance >; 

itf =t^->rnAt), the conditional performance reliabihty, Rit^\t^) can be evaluated as 

stated above, namely 

n 

Ritf \t^) = Yl Pi survival for interval i ) 
1=1 

^ ' L Rit^+iAt) 

i=\ Rit^ -f- (/ - l)Ar) 

Rit^ +nAt) 
(3.4) 

Rite) 

If Ar —> 0, then n —> «=, obtaining 

P(r,+«Ar) R[tc+{tf - ^ J ] 
Mm Rit At,. )= lim - - — — = -— 
Ar̂ O ^ f '' A/->0 Rit^) Rit J 

Rjtf) 

~ Rite)' 

resulting in the conditional reliability expression for the condnuous case. 

In the above discussion, system survival assessment is analyzed and presented in 

both continuous and discrete measures with single input and single output. The analysis 
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on discrete performance measures forms the basis for system survival assessment in the 

research where performance measures are sampled over equal time intervals. 

3.2.3 Two Performance Measures and a Single Failure Mode 

Assume a system has a single failure mode and the failure is defined in terms of two 

performance measures y,,, y2,. The critical limit surface is given by y,̂ ^̂  and JJCL ^̂ ^ 

y,, and y2, respectively. 

Let / i , (y,) and / 2 , (y2) represent the probability distribudons of the performance 

measures Yi^ and y2,, at any point in dme or usage, r, respecdvely. Suppose 

performance y,, and y2, are independent, then the probability that system failure occurs 

for the mission at Ume or usage, r , (or over dme period of Ar), given the performance 

survived up to previous mission, is evaluated by 

PiF',t) = PiYu ^ yxci) ^ PiYu ^ yicL)^ and (3.6a) 

P(y,t ^ yicL) = 1 kt(yi,t)dyi,t > '' - 1 ' 2. (3.6b) 

yicL 

where y^^t î  the given criUcal limit value for performance variable y,, and y.^L is the 

cridcal limit for performance variable y2,. 
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3.2.4 Two Performance Measures and Two Independent Failure Modes 

Assume a system has two failure modes defined in terms of two performance 

measures y,, and y2, respecdvely. The two performance measures y,, and y2, are 

statistical independent. The critical limits are given according to different performance 

measures for the two failure modes. Figure 3.5 shows the definitions and reladonships 

between system failure modes and performance measures in this case. 

rY^-\ ^J^ 

(^Yr^\ 
v / ~ l ^ 

y\cL 

yicL 

. / 
^ V Failure Mode O 

^""-^ "~~~~N 
Failure Mode 2 y 

System 

Figure 3.5. Two independent failure modes and two performance measures. 

Assume that failure mode 1 and mode 2 are competing failure modes and that the 

system can fail by either mode. The condidonal performance reliability for the endre 

system can be esdmated as 

P,,,,(r,.|rJ = n P / / ; l r , ) , (3.7) 

where Rjitf \t^) represents the condidonal performance reliability over the time period 

of r̂  to tf , regarding system failure mode j . The expression for Rjitf \t^) is 

developed as in the single case discussed in Secdon 3.2.2. 
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3.3 Assumpdons 

In order to develop the mathematical or probabilisdc relationships between 

performance measures and system performance survival assessment, the following 

assumptions are necessary: 

1. Failures result from performance degradation, as a result of mechanical, 

chemical, thermal, etc. processes. 

2. Failures are properly defined in terms of physical performance. 

3. Performance can be measured with a limited amount of noise; data filtering may 

be required. 

4. Performance measures may drift up and down, but eventually decrease or 

increase. In general, degradation is not reversible. 

5. Performance measures and failure limit surfaces vary with applications and they 

are related to specific failure mechanisms, resulting in identified failure modes. 

3.4 Survival Assessment with Time Series Modeling 

This secdon discusses and develops the theoredcal connections between the dme 

series modeling of physical performance and survival assessment based on the concepts 

of performance reliability. The analysis of self-assessment of survival in secdon 3.2 

reveals that the key issue in survival assessment is to find the probability distribudon of 

performance measure, / , (y), for a given future time r, including the forecast value and 

its variation. 
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Before developing survival self-assessment using time series analysis, common 

features of performance degradation data are examined. Figures 3.4 through 3.8 show the 

different data series in applications. 

Figure 3.6 shows that the power increases in drilling resulting from flank wear. 

Figure 3.7 depicts drilling thrust force reflecting drill bit wear. Figure 3.8 shows the 

general degradadon mode in semiconductor laser operadon. From these examples, the 

performance degradation data series have common features from the view of time series: 

1. Each individual data sequence usually follows a common pattern in increasing 

degradadon. 

2. Each data sequence has a trend component and fluctuadons, usually there is no 

seasonal component in the series. 

3. The slope of trend in a degradadon data series varies across time, but generally 

appears to increase (or decrease). 

The ARIMA (Autoregressive Integrated Moving Average) method has a solid 

foundation in classical probability theory and mathematical stadstics. The method also 

provides a family of models which can be used to process various types of time series, 

stadonary or non-stadonary, seasonal or non-seasonal, with optimal forecasts. Hence it is 

useful to explore and model performance measures. Regarding the discussion above, the 

physical performance measure usually is a non-stationary dme series, with a strong trend 

component; therefore, differencing is used to take the trend component from the original 

series, forming a stationary series. 
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Figure 3.6. Power versus number of holes drilled [Subramanian and Cook, 1977]. 
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Figure 3.7. Thrust force of a drill bit in process [Kim, 1991]. 
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Figure 3.8. Degradadon in AlGaAs/GaAs laser [Fukuda, 1991]. 
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If V is defined as the first difference operator by 

VY,=Y,-Y,_^, (3.8) 

and obviously, the power operation is 

v^y, =V(Vy,) = y,-2y,_,-Hy,_2. (3.9) 

Applying the first difference operator continually to a given sequence data { y,}, until the 

data sequence ( V* y,} is found which can plausibly be modeled as a realization of a 

stationary process. In practice, it is common to find that the order of k of differencing 

required is quite small, frequently one or two [Brockwell and Davis, 1991]. The 

differenced data are modeled by an ARMA process, resuldng in a full ARIMA model 

(Autoregressive Integrated Moving Average) for the original data series. 

Recall the performance reliability concept. Assume a system has one failure mode 

and a performance measure y, selected, where {y,} denotes a discrete variable with 

values at r = 0, 1, 2,... (by the increment of^r). The critical limit surface is given by 

y^L for the performance measure y,. Then, the probability of system failure, on time or 

usage less then or equal to r, for the smaller-is-better case, is evaluated as 

PiF',t) = PiY,>ycL) 

= lftiy,)dyt, ^3.10) 
ycL 

where Yt is a random variable for performance measure. The corresponding reliability is 

evaluated as 

P(r) = l - P ( P ; r ) . 
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Consider a general ARlMAip,d,q) model for performance measures. The general 

ARlMAip,d,q) model is written as [Box etal, 1994; Wei, 1989] 

(j)iB)i\-B)'Y,=eiB)a, (3.11) 

where 

(piB) = i\-^B 0^5^) (3.12a) 

61(5) = (1 -0 ,5 - . -61^5^) , (3.12b) 

5 is the back-shift operator defined as B^Y^ = y,_y and a, is a white noise process with 

NiO,cl). 

First let J = 0, Equation (3.11) becomes a stationary ARMA model, 

(l)(5)y, =e(5)fl,. (3.13) 

Equation (3.13) can be written in a moving average representation [Wei, 1989], 

y, = i//(5)fl, 

= a^ +V^i«,-i +V/^2^/-2+"- (3-14) 

4̂  , OiB) 
where V^(5) = 2-1/^,5^ = — — , a n d 1/̂ 0 = 1. 

y=0 0(5) 

For r = «-!-/, y,can be expressed as 

y„., = £v ' ,«„ . , - j . (3.15) 
7=0 

Suppose at time r = n, the observadons y„, y„-i, y„.2, ... are available and one wishes to 

forecast /-step ahead of future value Y^^i, y„ ( / ) , as a linear combinadon of the 
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observadons y„, y^.i, y„.2, .... Then the minimum mean square error forecast y„(/) of Y„. 

can be written as 

>; (0 = V>/«„ + V /̂+l«„_l + V/,+2«,_2+... (3.16) 

where the y/j is to be determined. The mean square error of the forecast is 

E[Y^,i-Y,,il)Y 

'^"%'^J^'''U'^'-J~'l'^-j] (3.17) 

and it is minimized when i/?/̂ . = y/̂  
+J Yl+j 

Hence the minimum mean square error forecast is 

> ; ( 0 = V^/«. +V^/..l«„-l +¥l+2^n-2+- (3.18) 

But, 

y„+/ = l¥jar^^l-j 
j=0 

(3.19) 

and the fact that 

Eia^.j Y,,Yn-i^-) = — < 

0, 

a n+j, 

./>o 
(3.20) 

then, it is true 

EiY^^l y„,y„_,,...) =!// /«, +V^/+i«„-l +V^/+2«n-2+- (3.21) 

Therefore, the minimum mean square error forecast of y„+/ is given by its condidonal 

expectadon, that is 

y„(/) = £(y,,/| y„,y„_„...). (3.22) 

The error for a /-step ahead forecast is 
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e^il) = y„,/ -} ; ( / ) = i V ; ^ . . / - , • (3.23) 
y=o 

Because Eie^ (/)iy, ,̂  < «) = 0, the forecast is with variance 

Var(};(/)) = Var(e„(/)) 

= (yaivj- (3.24) 
;=0 

Therefore, the /-step ahead forecast of Yn+i at the forecast origin n has mean 

^i=til) = EiY^ j ; , > ; - i . - ) , (3.25) 

and variance 

/-I 
CT/=cr; l y / j . (3.26) 

7=0 

Thus, for normally distributed errors, the probability that the performance measure is 

equals to or greater than Y^^ in the /-step ahead forecast is 

PiY,il)>ycL) 

= fifLi,Gf,l) 

=a, (3.27a) 

where the (1 - a)100% forecast limit, for the smaller is better case, satisfies 

A + i V J i V , ' f ' c T , < y c , , (3.27b) 
>=i 

Â ^ is the standard normal deviation, such that PiN > Na) = 0(. 

Then the survival assessment over a dme period of n to n+1 can be estimated as 

Ritn^i\tn) = l-a. 
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Now, let d^O, considering the general nonstadonary ARIMA ip,d,q) model, the 

general formula is 

0(5)( l -5) ' 'y , =0(5)fl„ (3.28) 

where 

0(5) = ( 1 - 0j5-...-0p5^) is a stationary AR part, and 

OiB) = (1 - e^B-...-e^B'') is an inevitable MA part. 

Since the process of a time series is completely determined by a finite number of 

fixed parameters, the forecast of the process can be viewed as the esdmadon of a function 

of these parameters. The minimum mean square error forecast can be obtained using a 

Bayesian argument. In this condition, if the series is known up to time n, the minimum 

mean square error forecast of Yn+i, Y^ (/), is given by its conditional expectadon, 

E(Y„^\ Y„,Y„_0' (3.29) 

which is discussed in the ARMA model case above. 

To derive the variance of the forecast of the general ARIMA model [Wei, 1989], the 

general model Equadon (3.28) is rewritten as an AR representadon at time t+l, 

(3.30) ^B)Y,^, = a,^, 

oo 

where A(5) = 1-IA:5^ = 

or equivalently 

oo 

7=1 

0(5)(l-5)'^ 
OiB) 

• (3.31) 

Applying the operator 
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l + \j/iB+...+y/i_iB' ' 

to equation (3.31) 

oo / - I / -I 

I I Xjii/J,^i_j_, + Y^Wk^t^i-k = 0 ' (3-32) 
7=0 k=Q ik=0 

where ^ = -1 and \I/Q = \. 

The first term in Equation (3.32) can be expanded as 

oo / - I 

I I A.v ,̂y,+/_,_, 
y=0 k=Q ' 

/ -I m 

=A,l ' ,«+S I\_,V/,T,„_„. (3.33) 

m=l /=0 

If y/ weights are chosen as 

m 

X;i,„_,V/, =0, for m= 1,2,...,/-1, (3.34) 
j=0 

then 
/ - I 

>-,., = ZAfy,_;„ + Sv/,-«,,,.,, (3.35) 
7=1 /=0 

where 

A<'> = iA,.„,.,.v/,.. (3-36) 

Since y, are available for r < AZ, then 

til) = EiY,,\Y,,t<n) (3.37) 

= I^T>;-7>.- (3.38) 
7=1 

Hence, the forecast error is 
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^n(l) = Y„,l-til) 

l-\ 

= I.y/ja^^,_j, (3.39) 
7 = 0 ^ •^ 

where the y/j weights can be calculated as 

y-i 
y/j = lXj_i\l/,, 7=1,...,/-I. (3.40) 

/ •=0 

Since Eie^(/)| y,,r < /z) = 0, the forecast variance is 

Var(>;(/)) = Var(e,(/)) = cjj ly/j . (3.41) 
7=0 

Thus, for normally distributed errors, in the ARIMA model, the probability of the 

performance measure equal to and greater than y<̂ ^ in its /-step ahead forecast is 

PiY,il)>ycL) 

= fi^i,6j,l) 

=a (3.42a) 

where the (1 - a)100% forecast limit, for the smaller is better case, satisfies 

fi,+Njly/]f'G,<yc„ (3.42b) 

Â ^ is the standard normal deviadon such that PiN > N^) = a. 

Then the survival assessment over a time period of n to n+l can be estimated as 

/̂ (^n+/l̂ n) = l - a -

It should be nodced that the expression of assessment in the ARIMA model has the 

same format as that in the ARMA case, but the variance of forecasts is different 

(Equadon 3.42 and Equadon 3.27). It also should be noticed that for a non-stadonary 
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process, the limit of variance of forecasts does not exist. The variance of forecasts 

increases and becomes unbounded as / ^ oo. For non-stationar> series, the forecasts 

become less certain as the forecast lead time increases. 

The representation in the ARIMA models plays an important role in survi\ al 

assessment analysis, since the ARIMA model can be used to model a dme series w hich 

has a mean structure and covariance structure simultaneously. It should be mentioned 

that the methods or formulas in characterizing probability of future failure using time 

series analysis vary, depending on the technologies used in time series modehng and 

forecasting. 

3.5 Assessment in Multiple Failure Mode Case 

In the above section, one failure mode and one ph\ sical performance case is 

discussed in time series modeling. It serves as the basis for survi\al analysis in time 

series modeling, if failure modes and physical performances in the multiple case are 

independent. In this situation, usually the multiple failure modes can be modeled and 

assessed by muldple single channels individually [Nelson, 1990]. That means each 

failure mode has its own model. In Section 3.2.4, two performance measures are 

discussed in this situadon. However, in the multiple failure mode case, if the cross 

correladon between the performance variables is not negligible, the independent 

assessment of single channels is no longer valid. In fact, one advantage of survival 

assessment in time series modeling is that this technology can be readily to extended to a 

multiple case, considering cross correlations. The following context discusses the 
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essendal concept of survival assessment in multivariate failure modes where the cross 

correlation between the performance variables is not negligible. 

Assume a system has m failure modes defined in different combinations of n 

performance measures y,,, y2,,,• •., y„,, • The critical limit surfaces, in (y,, y.,. . . ,}'J 

space, can be generally given by .Si(y,,y2'--'>'J = 0 for failure mode 1, 

•^2(>'i'>'2'•••'>'J = () for failure mode 2 , and 5,„(y,,y2,..., y J = 0 for failure mode m, 

respectively. Where, 5,(0 = 0 (/= 1,2, ..., m) may miss any yy(/• = 1,2, ...,«). The 

probability of system failure up to time r is the probability that the performance 

measures y,,,y2,,...,y„, satisfy Siiy^,y2,...,yJ>0 for failure mode 1, 

"̂2 (>'i' >'2 '••">'«)> 0 for failure mode 2, and so on. Let /̂ ^̂ .̂  ^^ (>'i, ^2 '•••'>'„) denote the 

joint probability density funcdon of the system performance measures y,, y^,..., y„, at 

any future time or usage r, then, the probability that the system failure 1 w ill occur up to 

time or usage t, suppose the system survived up to current time, is calculated as 

P(F;r) = P(y,,y2,.. . ,y,;5,(y,,y2,.. . ,yJ>0) 

= J--nL,:.,(,,v,...>J>o/v,>2...^/>'l'>'2'"-'>'«)^V>'2-"^}'n 

= F,(r). (3.43) 

The reliability regarding failure mode 1 is evaluated by 

P,(r) = l -F , ( r ) 

= l-l"lllQ,:.,(,.,2-.>J>0^.v:...>„(>'l'>'2'-'>«)^V>'2-^>n • (3-44) 

For failure mode 2, 

P(F;r) = P(y,,y2,...,y„;52(>'p)^2'->>'J>0) 
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= i"iik,:s,(y,y,...y„)>ofy,y2...yn^yi^y2^---^yn)dyidy2:.dy„ 

= F,it). (3.45) 

The reliability regarding failure mode 2 is evaluated by 

P2(r) = 1 -^2(0 

= ^-\"liL,:s,{y,y,...y„)>ofy,y,...ySy\^y2^-^yri)dyidy2...dy„ . (3.46) 

In the same manner, the reliability regarding to failure mode m is calculated by 

R,nit) = l-F,,it) 

= ^-i--iiL^:.^iy,y,..j„)>ofy,y,...yAyi^y2^^ 

The entire system reliability with regard to all possible failure from failure mode 1 to 

failure mode m , can be considered as 

P(F;r) = P(yi,y2,. . . ,y„;n,uQ2U---uQ,J 

= l"lllnfy,y,...y„iyi^y2^-^yn)dyidy2.-.dy„ 

= Fsys(t), (3.47) 

R.ys(t) = ^-Psys(t) 

= l-l.llLfy,y2...yAy^^y2^-^yn)dyxdy2...dy„, (3.48) 

where, 

^i-siiyi,y2,-,yn)>^^ 

^ 2 - S2iy\,y2^-^yn)>^^ 

^ n , : ' y m ( > ' l ' > ' 2 - - > ' n ) > 0 ' a n d 
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H: Q, uQoU-uQ 
m 

Figure 3.9 shows the concept of system performance measures, critical limit surfaces and 

system performance rehability estimate, considering the system has two failure modes: 

failure mode 1 and failure mode 2. 

Performance 
Measures 

/ 
.M.V2 

Critical surface 
. v , ( . v , . V 2 ) = 0 

Critical surface 
^ , ( . v i . y 2 ) = 0 

yiit) 

Figure 3.9. The concept of performance reliability estimate in the case of two failure 
modes. 

Based on the above discussion, the key issue in survival assessment in the multiple 

failure mode case is to find the joint distribudon of muldple measures. It can be done 

conceptually by vector time series modeling or state space modehng. 

3.6 Requirements in Implemendng Self-Assessment of Survival 

In the above section, an ARIMA model used for survival assessment is discussed. 

The essential connection is set up by the forecast value, forecast variance, and the 

normally distributed assumption. It should be noted that in the above section, the 

74 



connecdon is deducted under a given general ARMA or ARIMA model. Actually, in 

practice, building a model to fit a data set is not trivial especially in ARIMA modeling. 

Therefore, it is important to seek a proper (simple) method used in performance data 

modeling in self-assessment of survival. 

According to the discussion above, the requirements for a method used in self-

assessment of survival can be summarized as follows: 

1. Self-assessment requires that models be self-generadng, using the data up to the 

current dme, and "up dadng" across dme when each further observation becomes 

available. 

2. The algorithm in modeling and forecasting should be fast enough to 

accommodate timeliness requirements in on-line performance. 

3. The algorithm used in survival assessment should be capable of providing not 

only point forecasts but also forecast intervals. 

4. The method should be reasonably accurate in forecasts and forecast interval 

estimates, at least for short-term forecasting. 

5. The method should be simple, with a limited memory requirement, and easy to 

implement in on-line operadon. 

The ARIMA modeling method has a solid stadstical foundation and a wide family of 

models for applicadons. However, its modeling procedure (model identificadon, 

esdmadon, and model checking) is not in general compatible with autonomous systems, 

e.g., on-hne applicadons requiring fast, self-generating responses. In the following 
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chapter, exponendal smoothing algorithms and neural network technologies are studied 

and discussed, focusing on implementation in survival assessment of on-line performance 

data. 
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CHAPTER IV 

TECHNOLOGIES FOR SELF-ASSESSMENT OF SURVFV^AL 

This chapter explores technologies to be used in self-assessment of survival for 

physical performance modehng, and discusses relative technical issues when the 

technology is applied to survival self-assessment. 

4.1 Exponential Smoothing Algorithms 

Exponential smoothing algorithms provide a general approach to the deri\ ation of 

forecasting algorithms. They see wide applications. In general, they are simple and 

compatible with both self-generation and timeliness requirements, and offer reasonable 

accuracy in many cases. The algorithms widely used in pracdce are typically justified on 

the base of intuitive plausibility and successful practical experience in applications. 

Hence, exponential smoothing is though of as a somewhat ad hoc approach to 

forecasdng. But, it is noted that beginning with Muth [1960], certain research work has 

shown that exponential smoothing may yield optimal or nearly optimal forecasts on time 

series data in some cases. 

Research has established reladonships between some exponential smoothing 

algorithms and stadsdcal dme series models. Details of forecasting esdmadon and 

associated intervals are available for several forms of exponential smoothing algorithms. 

This section describes a linear trend smoothing algorithm, Holf s algorithm, and the 

relative technical issues as applied to survival assessment in this research. 
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4.1.1 Understanding Exponential Smoothing Algorithms 

Exponential smoothing refers to a category of pragmadc approaches used to forecast 

statistical processes. Exponential smoothing algorithms are based on the fact that, given 

a time series {Yt] with observadons at equally spaced intervals, the first n+\ degrees of 

exponential smoothing can be combined to give an estimate of the coefficients of an n^ 

degree polynomial model of the observations to date, evaluated at the time of the most 

recent observation. The n^ order exponendal smoothing is defined as 

5 ; iY) = 5, [Sr' iY)] = asr' iY) + il- a)5;_, iY), (4.1) 

where a is called a smoothing constant and S^ is defined as 

S^=I,iY) = Y,, (4.2) 

is termed a "no smoothing" operator. 

It is clear that simple exponential smoothing can be expressed as 

S,iY) = aY,+il-a)S,_iiY), (4.3a) 

and the double exponential smoothing as 

S~ iY) = (xS,iY) + il- a)SU ( n . (4-3b) 

The basic theorem of exponential smoothing [Brown, 1963] is based on the fact that if 

dme series {Yt } follow 

y,^, =a,+Z7,T+.--+g,T", (4.4) 

then the coefficients a,,bj,---,gi can be esdmated as linear combinadons of the values 

resulting from n+l degrees of smoothing applied to Y. In particular, 

â  = [ / - ( / - 5 ) " - ^ ' ] , ( y ) , (4.5) 
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and some other coefficient esdmates, such as /?, ,...,g,, involve the values of the 

smoothing constant a . Explicidy, for « = 0, a constant model for the series in the 

neighborhood of r, single smoothing yields the esdmate 

at^S.iY), (4.6) 

and the forecasts in this case are all constant 

/̂+r = «/ • (4.7) 

For « = 1, a linear trend model, 

y,+^ =«,-H/7,T, (4.8) 

the estimated values of the coefficients can be obtained by double smoothing 

a,=2S,iY)-S]iY), (4.9) 

h,=-^iS,iY)-S'^iY)). (4.10) 

Thus the forecast of Y^^,^, y, ( r ) , can be esdmated, in this case, as 

y,(T) = fl,-h^>, (4.11) 

where a, and h^ have expressions in Equadon (4.9) and Equation (4.10), respectively. 

The exponendal smoothing method has its value, in practice, as a linear operator. If the 

data are from a model of y, = F̂  -H e,, where y, is the true signal and e^ is an independent 

noise with zero mean, then 

S^iY)^S^iY) + S^ie) 

is the least squares estimate of the true signal Y^ [D'Esopo, 1961]. 
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4.1.2 Linear Trend Algorithm 

From the previous secdon, the simple exponendal smoothing algorithm yields 

constant forecasts for all future values of a time series. For those dme series which 

contain trend funcdons the simple exponendal smoothing is not effecdve for forecasdng. 

The simplest possible model for trends is a linear trend forecast function, where the trend 

is allowed to change over time. 

Holt's exponendal smoothing algorithm considers both level and trend components 

simultaneously in the sequence data [Gardner, 1985]. It provides estimates of the current 

level and trend in each time step, and adapts over time when new observations become 

available. The algorithm can be expressed in the following recurrent form: 

L, =ay,-H(l-a)(L,_i-hr,_i) 0 < a < l (4.12a) 

T,=l3m-L,_0 + il-P)T,_, 0<P<\ (4.12b) 

where a and p are smoothing constants, and L, and T, are estimates of level and trend 

for time t. 

The algorithm reveals that at each dme point, the new level is a weighted average of 

the new observadon and the previous estimate. The new trend is a weighted average of 

the change in estimated levels and the previous trend estimate. Standing at time r, the 

new observation y, is available and the level is esdmated as a weighted average of y, and 

the most recent level (L,_, + ?;_,); while the trend is esdmated as a weighted average of 

recent change in level, (L, - L,_,), and the last estimate of trend, r,_,. Hence, suppose 

the underlying movement of the series is constant, the /-step ahead forecast at time r is 

esdmated as 
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y,(/) = L,+/7, . (4.13) 

Holt's algorithm (Holt's algorithm, linear trend algorithm, and Holt's local linear trend 

algorithm are used interchangeably) has an error-correction form. If the forecast error 

e^ is defined as 

et-^Yt-Yt 

= y,-(L,_,-f-r,_i), (4.14) 

then the error-correcdon form of Holt's linear trend algorithm is 

L̂  = L,_, H-7;_,-Hae, , 0 < a < l (4.15a) 

Tj=T,_i+aPe,. 0<P<1 (4.15b) 

The above equations reveal the fact that Holt's algorithm adjusts the estimates of level 

and trend by the propordonal size of the previous forecast error. The magnitudes of the 

modification depend on the forecast error and smoothing constants. Holt's algorithm 

provides a recursive on-line calculation with the requirement of memory for only the last 

step values of level and trend. More detailed technical issues of applying Holt's 

algorithm in self-assessment of survival are discussed in the following secdon. 

4.1.2.1 Linear Trend Algorithm and Double Smoothing 

From the discussion in Section 4.1.1, double smoothing assumes the data series 

follows a linear trend mode 

Y,^,=a,+bj, (4.16) 

and double exponential smoothing esdmates model parameters as 
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a, =lS,iY)-S]iY), (4.17a) 

^ = j 3 ^ ( 5 , ( y ) - 5 , - ( y ) ) . (4.17b) 

The forecast of Y^^^, Y^ il), can be estimated as, 

Y,il)^a,+b,l 

^lS,iY)-S]iY)+ li-^)iS,iY)-S]iY)). (4.18) 

Double smoothing forecasts consist of a current level and a local trend. Holt's predictor 

is similar in that there are two smoothing constants used. If the same nodon used in 

Holt's algorithm is adapted, then the forecast function. Equation (4.18) is expressed as 

y,(/) = L,-h/7;, 

where 

L, = 25, (y)-5 , - (y) , (4.19a) 

T, = i-^)iS,iY)-S';iY)). (4.19b) 
1 - a 

It can be proved that the double smoothing algorithm has the following Holt's format 

(Appendix), 

L, = a * y , + ( l - a * ) ( A _ , + 7 ; . i ) , (4.20a) 

T,=P\L,-L,_,) + i\-P*)T,_, , (4.20b) 

where 

a = a ( 2 - a ) and p* =a/i2-a). (4.21) 

From Equation (4.21) 
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a = ^^-TT' (4.22) 
i\^P? 

This result shows that the double smoothing algorithm is simply a special case of the 

Holt's algorithm, when the above equadon is satisfied [Newbold and Bos, 1994]. 

Furthermore, in an applicadon of Holt's algorithm, the two constants a and f are 

determined through minimizadon of the sum of squared, one-step forecast, errors. If the 

smoothing constants satisfy or nearly sadsfy Equadon (4.22), then it implies that the 

double smoothing algorithm, with one smoothing constant, is appropriate in the 

application. In this sense, the double smoothing algorithm is compatible with the linear 

trend process, but for a smaller subclass than Holt's. 

4.1.2.2 Linear Trend Algorithm and ARIMA(0, 2, 2) Model 

Holt's local linear trend algorithm discussed in Section 4.1.2 can be specified in a 

state space model. The observation equadon and transidon equadons are as follows, 

respecdvely: 

y, = Ai, + e,, ('̂ •23a) 

M,=A^,-.+A-i+^M (4.23b) 

A = A - . + 4 , (4.23c) 

where { y, } is the time series; the state vector has two components, which can be 

naturally interpreted as the local level [i^ and the local trend j3,. Comparing the state 

space model discussed in Secdon 2.3.4, it can be seen that 
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G = 
1 1 

0 1 

and 

H = 
1 

0 

£p r\^, and ^̂  are mutually independent white noise processes with zero mean and 

.2 _ 2 variance a^ , G^^, and a^ , respecdvely. Applying the first differencing operator, V, on 

Equation (4.23), 

VY,=V}i,+ri,, (4.24) 

VA=C. (4.25) 

Subsdtudng V/i, in Equadon (4.24) by Equation (4.23b) gives 

Vy, =A-i+r7,+Ve, (4.26) 

Applying the V operator on Equation (4.26) and using the reladonship in Equation 

(4.25), 

v2y,=V77,+c_.+v2£, (4.27) 

It shows that the single equation form of the Holt's local linear trend model presents a 

stadonary process after applying the first differencing operator twice. If the evaluation of 

the autocovariance is made on Equation (4.27), it shows that7(/z) = 0, if/z>2. 

Further study discussed in [Chatfield, 1996] provides the result that the 

autocorrelation function of V^y, is the same as that of MA(2) model, and Holt's 

smoothing algorithm is equivalent to an ARIMA(0, 2, 2) model, such as 
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( i -5 )^y , ={\ + e^B + e2B^)a,. 

The parameters have the following reladon [Gardner, 1985]. 

0, = a + a j 3 - 2 , (4.28a) 

02=1-a, (4.28b) 

where a , j3 are smoothing constant in Holt's algorithm. 

This critical conclusion reveals the fact that if Holt's algorithm is applied on a time series 

which is produced by a ARIMA (0, 2, 2) process, and the smoothing constants satisfy the 

reladons of Equations (4.28), then the optimal forecast, with minimum mean squares, can 

be obtained from exponential smoothing. 

4.1.3 Technical Issues of Applying Linear Trend Algorithm 

Holt's local linear trend algorithm seems to be a good candidate for physical 

performance modeling and prediction in survival self-assessment. However, there are 

several technical issues that require resolution with regard to self-assessment in real-time. 

These issues include initial values, forecast interval estimates, recursive error estimates, 

and smoothing constant selection. The following secdons discuss these issues and 

address resolution in self-assessment applications. 

4.1.3.1 Inidal Value Selecdon 

Since exponential smoothing algorithms require recursive computations, they require 

initial values to start. It is usually easier to think in terms of initial estimates of values for 
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the smoothing model coefficients. As a example, in double smoothing, the estimated 

values of the coefficients in smoothing are 

fl, =2s,iY)-sfiY), (4.29a) 

bt=i^[s,iY)-sfiY)]. (4.29b) 

To start, set r = 0, then the initial values for the smoothing statistics are obtained as 

5o(y) = a o - - ^ 4 , (4.30a) 

, ^ 2(1 - a) ̂  
s^iY) = a,—-—b,. (4.30b) 

If there are historical data available, then initial estimates can be achieved by averaging or 

by least squares. Otherwise, these values must be assigned whatever judgment or analogy 

seems most appropriate. In Holt's algorithm, expression in Equation (4.15), initial values 

for local level L, and trend T, are required. One plausible soludon is to set 

L2 = yp and 2̂ = y i - y o (4.31) 

for series data {y,}, r = 0, 1,2, ...., and start the calculadon with r = 2. 

Generally, the specific choice of inidal values will affect the forecasts in early 

esdmates. In fact, unless the time series is very short, the selected inidal values will have 

little impact on the predictions of future observadons. Figure 4.1 shows the results with 

different inidal values. Here, the initial 1 uses the initial condition, L2 = Vj and 

T2 = yi - >'o ' ^he initial 2 uses the condition L2 =0 and 7̂  = }•, - y2: and the initial 3 

uses the condidon L2 = yi , 2̂ = 0. From the results, the inidal 1 and the initial 2 take 

about 4 steps to converge to the stable output and the inidal 3 takes about 14 steps to 
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converge to the stable output. The transient of the three different initial conditions do not 

last more than 14 dme steps in this example. In system self-assessment of survival 

application, the performance degradadon usually takes a relative long time; hence, the 

selected initial condidons are not expected to distort the survival esdmates. 
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Figure 4.1. The effects of different inidal conditions. 
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4.1.3.2 Forecast Interval Estimate 

As discussed in Secdon 3.2, implementing self-assessment of survival in time series 

modeling requires a probability distribudon function, / , (y), for a given future time. In 

the view of dme series modeling, it requires not only a point forecast, but also an interval 

forecast. Suppose that the forecast is normal distributed, then the assessment can be 

readily completed. Statistical models in time series analysis provide a natural structure 

for the specification and analysis of this uncertainty. In Section 3.4 the connecdon 

between survival assessment and performance modeling is set up through ARIMA 

models. However, commonly in applications of applying exponential smoothing 

algorithms, it is thought there is no explicit randomness considered, and naturally these 

smoothing algorithms do not present a framework that yields a forecast interval. 

However, as discussed in Section 4.1.2.2, the linear trend algorithm is equivalent to an 

ARIMA (0, 2, 2) model. With this equivalency, the corresponding forecast interval in 

Holt's algorithm can be deduced from an ARIMA (0, 2, 2) model, suppose 

VV, ={l + dyB + e2B^)a,. (4.32) 

At time r + 1, the model may be written as, 

Yt^l = ̂ Yt^l-l - Yt^l-2 + r̂+/ + ^l^r+/-i + ^2«r+/-2 • (4-33) 

It is known that the minimum mean square error forecast at origin r, for lead time /, is the 

condidonal expectadon of y,+/ at dme r. Taking conditional expectations at time r, 

y,(i) = 2y,-y,_,+0,a,-H02«M- (^.34) 

The ŷ +i expressed in the model is 
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y,+, = 2y, - y,_, + A,^, +e^a, + 02«r-i • (4.35) 

Therefore, 

^,(l) = y,+,-y,(l) = fl,+i. (4.36) 

Then, the white noise process a, is in fact the one-step-ahead forecast error. 

Based on the discussion in Secdon 3.4, the forecast error for lead dme / is 

e, il) = «,+/+ V î«,+/-i +.. •+V /̂-i«,+i, (4.37) 

and 

y2iT[e,il)] = il + \j/^ +y/^+...+y/l^)(j^, (4.38) 

where cr̂  = var(a,), a, is the white noise process or the one-step-ahead forecast errors. 

Using Equadon (4.38), and the fact that y/j = A,Q + jX , in the truncated and infinite 

random shock form of ARIMA(0, 2, 2) model [Box et al, 1994], the variance of the lead 

/ forecast error is 

Var[^(/)] = [1 + (/ - 1 ) ^ ' + ^ / ( / -1)(2/ - 1)A? + ^Ai/(/ - l)]c7,', (4.39) 

with regard to Holt's algorithm in Equadon(4.12) 

and 

A = ^ / ^ -

The variance of the lead / forecast error is estimated as 

Var[^(/)] = [l + (/- l)a^(H-/i3 + - / (2 / - l ) i32] ( j^ (4.40) 
o 

where CĴ  can be estimated as the average squared one-step forecast errors in-sample, 
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^,(i) = y,^,-y,( i) , (4.41) 

n-\ 

CJa= le;i\)/{n-\-m). (4.42) 
t=in+\ 

The esdmation may start at time m+\, after the effect of the specific initial values die out. 

4.1.3.3 Recursive Error Esdmate 

The forecast interval esdmate in Holt's algorithm has been deduced through the 

equivalence of the ARIMA(0, 2,2). The variance of a /-step ahead forecast can be 

estimated by a function of the error variance in the model. Further, the error variance of 

the model can be estimated by sampled one-step ahead forecast errors, 

CT;= le;il)/{n-l-m), (4.43) 
t=m+l 

^,(i) = y , „ - y , ( i ) . (4.44) 

However, although Equation (4.43) is simple in computerization, it is expensi\e in 

computadon in each time step, especially when n is relatively large. One way to soh e 

this problem is to make the recursive computation compatible with Holt's algorithm. 

Define the average of the first n-l squared errors 

-> 2 2 

e rn , ^ £ L ± £ i ± l ± f i z L , , > 2 (4.45) 
n-l 

then, the recursive form for calculadon of the first n squared errors can be 

m „ = ^ m „ _ , + - e ; . n>l (4.46) 
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In this formula, at each time step, the calculation needs only the previous value m„_, and 

current squared error, e^. 

This form saves calculadon time and storage memory for computation, compared 

with Equation (4.43). To verify Equadon (4.46), suppose it is true for n = k, then for 

n = k + l, 

-..i=(-^K+-^^L 

(^ + i ) - i 1 , 
- ^ + 1 '"^*-')-'"^ (^-h 1) ^^-'' 

which shows the recursion is correct. 

4.1.3.4 Smoothing Constant Selection 

For exponential smoothing algorithms it is necessary to select values for smoothing 

constants. The smoothing constant controls the extent to which past observations of the 

time series influence the forecast. The concept is that small values of the smoothing 

constant give more weight to many prior observations and result in a slow response to 

model parameter change. Larger values of the smoothing constant put significant weight 

on the recent past data, and result in a rapid response to model parameter changes. Holt's 

linear trend algorithm uses two smoothing constants, which are related to current level 

and trend estimates in forecasting. Usually, there exits two w a>'s to properly pre-select 

the smoothing constants: subjective and objective ways. 

Subjectively, one can select the constants from the past successful experience with 

similar series, combined with visual examination on the data plot. The principle in 
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judging constant selection may be expressed as: if the evaluation of the level of the series 

appears smoother, a higher value of constant a is appropriate; similarly, if the trend of 

the series appears to not change rapidly over time, a relatively high value of constant P is 

proper. Otherwise, a smaller value of constant/? is suggested. These subjecdve 

principles are difficult to follow in practice, especially with both smoothing constants, 

simultaneously. 

The objective way to pre-select the smoothing constants is based on minimization of 

model fitting errors. For a given time series (y,}, the model fitting error is defined as the 

sum of squared errors. 

n 

s= Y.e] , 
f=3 

where e^ = y,̂ ., - y, (1) is the error of one-step ahead forecasts. Here, one selects the 

pairs of values ia,p) which provide the minimum value of s over the n observations of 

the time series. In practice, the time series used in this trial can be either a similar series 

or the historical data of the working series. Usually, the sum of squares surface is quite 

flat near the minimum value, and therefore, the choice of smoothing constants is not 

extremely difficult and/or critical. Figure 4.2 shows the sum square surface of series 2 

with different smoothing constant values (series 2 is an example time series discussed in 

Chapter V). The surface near the minimum is relatively flat. 
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Figure 4.2. The sum squares surface with different (a, p) values. 
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4.1.4 Forecast Monitoring 

For any automated forecasdng procedure it is desirable to have an automadc monitor 

for forecast errors to ensure that the forecasting performance remains in control. It is 

necessary to check whether the forecasdng model or the procedure are appropriate for the 

on-going data series, otherwise, the forecasts may corrupt the application. Since 

exponential smoothing algorithms are matched to different types of series, inappropriate 

algorithms will result in uninformative forecasts. Also, for forecasting with fixed 

parameters, improper forecasts result when the underlying features of the time series 

change. These problems in auto-forecasting applications need to be detected as quickly 

as possible in order to control the forecasting procedure. 

In general, time series model residuals should be a white noise or near white noise — 

at least, no high autocorrelation should be present. Just like in ARIMA modeling, the 

model adequacy check consists of a white noise test on the model residuals. In an 

automatic forecasting procedure, this check should be performed recursively across time. 

One example is the first-order autocorrelation on successive residuals (or one-step 

forecast errors). Assume an error series is { ,̂ }, the first-order autocorrelation can be 

defined as 

e, = (/)e,_,, (4.47) 

where 0 is the true autoregressive parameter. 

In ordinary least squares esdmation, the0 can be estimated as [Gardner, 1983] 

0 = ^ r T ^ . (4.48) 
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To present the estimation as a tracking signal, the sums can be discounted with a 

constant, say r]; then the discounted least squares esdmate of 0 can be obtained through 

the following recursive calculation, 

0, =COV,/MSE, , (4.49) 

where 

GOV, = ^,e,_, + riCOW,_^, (4.50a) 

MSE, = ef_^ + r]MSE,_,. (4.50b) 

The estimation, 0,, of the autoregressive parameter on successive errors can be used as a 

tracking signal. GOV is the smoothed covariance , MSE is the smoothed mean squared 

error, and Vf is the discount factor. 

If the discount factor is taken as 0.9, the simulation results [Gardner, 1983] show that 

a control limit of 0.48 gives a probability of about 1% that a false alarm will occur when 

the forecasting model is actually proper in performance. 

It should be pointed out that it is commonly claimed that exponential smoothing 

produces autocorrelated one-step forecast errors, due to of the autocorrelation induced by 

the forecasting process. Therefore, the first-order autocorreladon signal is not 

recommended for exponendal smoothing models. Checking to determine whether an 

exponential smoothing model is statistically adequate is usually ignored. Howe\ er, this 

autocorreladon claim is not necessarily true, and ignoring adequacy tests is not 

necessarily a wise pracdce. The relative tests and results are discussed in Chapter V. 
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4.1.5 Adapdve Smoothing Algorithm 

Technology of adaptive control smoothing constants, or simply adapdve exponential 

smoothing, is based on the consideration of searching proper smoothing constants in the 

forecasting process, or adjusting the constants in order to follow changes in the 

underlying model of the successive observadons. Improper selection of smoothing 

constants or stadc smoothing constants, where the underlying model is changing, may 

result in unacceptable forecasts. In survival assessment, if there is not enough 

information about performance data to determine appropriate smoothing constants or the 

performance changes significantly over the product lifedme, the adapdve exponential 

smoothing is considerable. 

Signals used for adjusting smoothing constants are usually obtained through 

monitoring on-going forecast errors. There are many proposed methods for adaptive 

exponential smoothing [Gardner, 1985]. The following discusses one of them used for 

Holt's smoothing constants. 

Recall the Holt's linear trend exponendal algorithm, 

L, = L,_, + r,_i + c^, , 0 < a < l (4.51a) 

T,=T,_,+ape,, 0<p<l (4.51b) 

where ^, = y, - y,, a and p smoothing constants, and the forecast, at dme r, is 

Y,il) = L,+T,. 

To adapdvely adjust smoothing constants, a discount smoothing is used for the one-step 

forecast error and its absolute values, 

A,=il-Tl)A,_,+7ie,, (4.52a) 
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5, =(l-7])5,_,+r7le,l, (4.52b) 

and the adaptive smoothing constant a, for constant a can be estimated as 

a, = lA, /5 , l , (4.53) 

where 77 is a constant, convendonally taken as 0.2. As for smoothing constant p in 

Holt's smoothing, Bunn [1980] suggested that determining ^, as a function of a, might 

be a more effecdve procedure than hs independent estimation. Following Brown [1963], 

the minimized variance estimate of P has the following relationship with smoothing 

constant a, 

P = il-il-a)"-)-. (4.54) 

Thus, an adapdve smoothing algorithm for Holt's method can be constructed by using 

Equations (4.49) and (4.50). Inidal values for AQ and B^ can be set at zero. 

It should be noted that it is not the objecdve of this research to study adapd\ e 

exponential smoothing algorithms and their underlying mathemadcal mechanisms. 

Discussion of adaptive exponential smoothing here serves the purpose of providing a 

means for assuring adequate forecasts from time series that may change significantly over 

a product's lifetime. 

4.1.6 Model Flow Chart and Summary 

Exponendal smoothing with its theoretical base, and Holt's linear algorithm with its 

reladonship to an ARIMA(0, 2, 2) model, suggest that exponential smoothing algorithms 

are more than ad hoc methods. When Holt's algorithm is applied to a time series which 
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has an underiying model of an ARIMA(0,2,2) process, then forecasts of minimum mean 

squared error and forecast interval estimates are obtained, provided the smoothing 

constants are property selected. Smoothing constant values specify the underiying model 

of a smoothing process. Objective means can be used, in practice, to pre-select constants 

through minimizing the mean squared error over a similar time series or past observations 

of the series. In order to implement the algorithm in real-time, the one-step forecast error 

estimate is constructed in a recursive manner. To avoid mis-selecting smoothing 

constants or using static smoothing constants in a changing time series model, the 

adaptive exponential smoothing method can be used. 

Considering model self-generation in survival assessment, on-line forecast 

monitoring technology is presented to ensure forecasting is adequate in real time 

performance modeling for short-term survival assessment. Figure 4.3 depicts the 

resulting flow chart of the model for real-time self-assessment of survival. The survival 

assessment and all calculations must be finished in each sampling interval. The entire 

system works in real-time, recursively. 
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Figure 4.3. The flow chart of the model for real-time self-assessment of survival. 
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4.2 Real-Time Recurrent Neural Networks 

As discussed in Section 3.6, the preliminary requirements for self-assessment of 

survival include self-generadon and timeliness. These requirements must be met in order 

to assess real-time performance. This section assess neural networks and their ability to 

provide real-time performance. 

4.2.1 Overview 

In order to deal with sequential signals, recurrent neural networks are often 

advocated. There are two general learning algorithms for recurrent neural networks: 

back-propagation and forward propagation. The error back-propagation method was 

originally proposed to deal with feedforward networks. Because of the backward path 

nature, this method is basically an off-line method. More about recurrent networks can 

be found in [Pearlmutter, 1995]. 

The algorithm called back-propagation through time appears feasible. This approach 

unfolds recurrent networks into a multi-layer feedforward network that grows by one 

layer at each time step. Back-propagation through time deals with dynamic problems 

with fixed temporal periods. However, it requires a priori knowledge about the time 

structure of the problem. This requirement limits its applicadons since in pracdce 

structures of real problems are seldom known. It is clear that the epoch-wise back-

propagadon-through-dme algorithm is generally not suitable for the real-dme operation of 

a recurrent network. 
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Williams and Zipser [1989a] proposed an algorithm which is capable of training a 

recurrent network that runs continuously. The network trained is called a real-time 

recurrent network. This type of neural network differs from a Hopfield network in two 

important respects: 

1. The network contains hidden neurons in the network architecture. 

2. It has arbitrary dynamics [Haykin 1994]. 

The real-dme recurrent learning (RTRL) algorithm has the capability to deal with time 

variant output or output through its own temporal operations due to its fully recurrent, 

continually running features. 

In fully connected neural networks, the nodes in the network are connected to each 

other. Since each node can receive external input, the network runs continually in the 

sense that it samples its inputs on every update cycle, and any unit can receive training 

signals on any cycle [Williams and Zipser, 1989a,b]. This type of network is not subject 

to a requirement of a fixed, or even bounded, epoch length. It uses past states for current 

input, in that it credits assignment to past events. Figure 4.4 shows a real-time recurrent 

neural network. 

The ability of the recurrent network to deal with time-varying input or output through 

its own temporal operadon is of particular interest. The real-dme learning algorithm has 

the generality of the back-propagadon-through-time approach, and it does not sustain the 

growing memory requirement in arbitrarily long training sequences. 
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Figure 4.4. The structure of a real-dme recurrent neural network [Haykin, 1994]. 

4.2.2 Real-Time Recurrent Learning Algorithm 

The real-time recurrent leaning algorithm is a gradient-following learning algorithm 

for completely recurrent networks running in continuous (sampled) time. Williams and 

Zipser [1989a,b], and Haykin [1994] describe this neural network learning technology. 

Let the network have n neurons, with m external inputs. Let yit) denote the n-dimension 

vector of outputs of the neurons in the network at dme r, and let jc(r) denote the m-

dimension vector of external inputs to the network at dme r. The one-step delayed output 

yit) and input jc(r) are concatenated to form the (/i-i-m)-dimension vector uit), with A 

denoting the set of indices / such that M, is the external input of a neuron in the network 

and 5 the set of indices / for which M, is an output, thus 

«/ it) = ' 
jc, it) if / G A 

y, it) if / e 5 
(4.55) 
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The network is fully interconnected so that there are a total of mn forward connections 

and n feedback connecdons. Let w denote the n-by-im+n) recurrent weight matrix of 

the network. In order to make provision for a threshold for the operadon of each neuron, 

one of the m inputs is kept constandy at the value of 1. 

The net internal activity of neuron y at dme t, for 7 G 5 , is given by 

Vj(t)= I Wj^it)u-it), ^ (4.56) 
ieAKjB 

and the output of neuron 7, at the next dme step r-i-1, can be computed by passing 

Vjit) through the nonlinearity (pi-), namely 

yjit + l) = (pivjit)). (4.57) 

Equations (4.56) and (4.57), wherey ranges over the set 5 and where M, (r) is defined in 

Equation (4.55), constitute the entire dynamics of the network. The value w ,̂ (r) is the 

weight between node 7 and the node / at time r. The value (j(?() is the nonlinear function 

of a neuron. Usually the nonhnear sigmoidal funcdon is used, namely 

^(^(f)) = — 7 — — . (4.58) 
l-i-exp(-v(r)) 

The external input at dme r does not influence the output of any neuron until time r+1 

[William and Zipser, 1989a]. 

The learning algorithm of this type of neural network is derived from a "temporal 

supervised learning" task, meaning that certain of the output values are to match specified 

target values at specified times by a gradient descent procedure. 
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Let bit) denote the set of indices) , y E 5 , for which there exists a specified target 

value dj (r) that is the desired output of the/*" neuron at time r. Then an Ai-dimension 

error vector can be defined as 

'djit)-yjit) if je bit) 
ejit) = n u • (4.59) 

U otherwise 

Note that from the definition above, the desired target values can be specified for 

different output neurons at different times. That means the set of visible neurons 

specified by bit) can be time-varying. Thus the instantaneous sum of squared error at the 

movement of dme r can be defined as 

y(0 = l / 2 l [ e , ( r ) ] - , (4.60) 
ieB 

and the cost function, defined for the network over time to to t\ can be expressed as 

Aotal(^0>^l)= ^J(0- (4.61) 
' = '0 + 1 

The training algorithm can be derived based on the objective of the minimization of the 

total error over the trajectory by taking a gradient descent, adjusting weight matrix 

w along the negadve of ^yvJioiai (^c^i)» 

where 

^-^ total 
V H ' y t o t a l ( ^ 0 ' ^ l ) = - ^ 

= I ^ = IV>v7(r). (4.62) 
f aw t 
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In order to develop a learning algorithm that can be used to train the recurrent 

network in real dme, the instantaneous esdmate of the gradient, VwJit), is calculated, 

which results in an approximadon to the method of steepest descent. 

The matrix of partial derivadves: 

is calculated from 

Tzii it + l) = (p\vj (r))[ I w., it)nli it) + 5,iUi it)], (4.64a) 
isB 

with initial conditions 

7r//(0) = 0. (4.64b) 

The weights are then updated by 

Aw^iit) = riJ.ejit)niiit). (4.65) 
jeb 

The real-time recurrent learning (RTRL) algorithm for training the recurrent neural 

network shown in Figure 4.4 may be performed through the following procedure [Haykin, 

1994]: 

1. At every time step r, calculate the output values of the n neurons, and use these 

values and the specified external inputs to constitute M- (r) for / e A u 5 in 

accordance with Equation (4.55). At time r = 0, the initial values of the weights 

are assigned from a set of uniformly distributed random numbers. 

2. Calculate the associated variables for system dynamics, a triply temporal 

parameter defined for all appropriate 7, k, I (recursively) 
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Kit + l) = (p\vjit))[lwj,it)nliit) + d,.uiit)], 
ieS 

with the inidal condidons 

7r//(0) = 0, 

where 5̂ .̂ is a Kronecker delta equal to 1 when7 = k and zero otherwise. 

3. Use the values of n^i (r) obtained in the above step, and the error e it), the 

difference between the desired output djit) and the neuron output yjit), to compute 

the corresponding value of weight changes 

Aw 1^1 (r) = ry I Cj it)nli (r). (4.66) 
7Gb 

4. Update the weight ŵ^ (for all /cj), in accordance with the following equation 

Wj^i it + l) = w^i it) + AWf^i it), (4.67) 

and repeat the computation for on-going time steps. 

Any arbitrary nonlinearity (p() that is differentiable can be used in this neural 

network. As for a special case of a sigmoidal nonlinearity in the form of a logistic 

function, the derivadve (p'i-) is given by 

(p'iVjit)) = yjit + l)[l-yjit + l)] 

= (pivjit))[l-(piVjit))], (4.68) 

where y/w+l) is the output of neuron7 at dme n+l. 

In order to allow real-time training of indefinite duration, the algorithm makes the 

weight changes while the network is running. Each weight, vv, , is incremented by the 
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amount Aw^j it), given by Equation (4.66), at each dme step r. Here, no epoch 

boundaries are required for network training. 

The real-dme recurrent learning algorithm discussed above is non-local. This means 

that each weight adjustment must have access to both the complete weight matrix wit) 

and the error vector eit). Hence, the computation of the RTRL algorithm is expensive. 

The convergence of the weights for RTRN may requires a long training dme and the 

output error often converges to a local minimum. 

In the development of the above real-dme recurrent learning algorithm, if the 

network's actual output yjit) of a neuron is replaced by the desired signal of output djit) in 

subsequent computadons of the behavior of the network (if such a value exists), it forms 

a form of the RTRL termed a teacher-forced RTRL [Williams and Zipser, 1989a,b]. A 

teach-forced recurrent network, in its training, has the same dynamics as one without 

teacher forcing, e.g.. Equations (4.56) and (4.57). However, in the teaching-forced 

version of the RTRL, the uit) is defined by the following equation 

W/ it) = — < 

Xi it) 

di it) 

y^it) 

if / G A 

if / G bit) 

if ieB-bit) 
(4.69) 

rather than by Equation (4.55). 

According to Williams and Zipser [1989a], the learning algorithm of the teacher-

forced alternadve contains two alterations, as comparing with the earlier algorithm: 

1. Desired values are used instead of actual outputs to compute future activities in 

the network, wherever they exist, and 
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2. Set the corresponding ;r// values to zero after they have been used for 

computation of the Avv̂  in each time step. 

This teacher-forced alternadve of the algorithm may be adapted for adjusting the weights 

of a network in order to change the dynamics of the network in a qualitative manner, e.g., 

creating new attractors or changing the form of the current one in discontinuous ways 

[Wilhams and Zipser, 1989b]. 

4.2.3 Preliminary Investigadon 

To understand the characteristics of real-time recurrent neural networks for use in the 

real-time time series modeling and forecasting, two simple cases are conducted for 

invesdgating recurrent neural network structures and forecast capability. For the purpose 

of self-assessment of survival, the interest is focused on the capability of the network to 

perform in real-time. 

4.2.3.1 Tracking a Constant Series 

Here, a constant series with values of 0.12 for every time step is used as the input 

series to a real-time recurrent neural network. The neuron number, input number, and 

learning rate are invesdgated with regard to one step-ahead forecast errors. Mean square 

error (MSE) is recorded for each run test. Table 4.1 shows run results in different 

combinations of neural network parameters. 

108 



Table 4.1. Run results of forecasting a constant series. 

Neuron # 
3 
4 
3 
4 
4 
4 

Input # 
2 
3 
2 
3 
3 
3 

Learning Rate 
0.5 
0.5 
2.0 
2.0 
3.0 
8.0 

MSE 
0.0126 
0.0118 
0.0036 
0.0034 
0.0025 
0.0013 

Figure 4.5 shows the single step forecast curves of the real-dme recurrent neural network 

with 4 neurons and 3 inputs, where outputl has learning rate 0.5; output2 has 2.0, and 

output3 has 8.0. 

Time r 

Figure 4.5. Real-dme recurrent network forecasting of a constant series. 

For a constant series, the single step forecast of a real-time recurrent network can model 

the data with litde error after a transient process. The transient time is sensitive to the 
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learning rate, and it is clear from the result that a larger learning rate will have a shorter 

dynamic process. 

4.2.3.2 Tracking a Sine Wave 

The second case explained is a sine wave series used as the input to a real-time 

recurrent neural network. For a real-time, short-term forecast purpose, interest is focused 

on the on-line single step forecast. Investigadon is conducted for different neural network 

structures and learning rates with regard to single forecast errors. Table 4.2 summarizes 

the test results with different network structures and learning rates. 

Table 4.2. Run results of forecasting a sine wave. 

Neuron # 
4 
6 
6 
6 
8 

Input # 
3 
4 
4 
4 
4 

Learning Rate 
0.5 
0.5 
2.0 
6.0 
8.0 

MSE 
0.0259 
0.0195 
0.0045 
0.0009 
0.0004 

The single step forecast results for a sine wave are depicted in Figure 4.6 for the case with 

6 neurons, 4 inputs, and a learning rate 0.5; and Figure 4.7 for the case with 6 neurons, 4 

inputs, and a learning rate 6.0. 
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Data 

Single prediction 

Figure 4.6. Real-time recurrent neural network forecasts (1) for a sine wave. 

181 

Data 

Single Prediction 

Time t 

Figure 4.7. Real-dme recurrent neural network forecasts (2) for a sine wave. 
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The results showed that the network in real-time recurrent learning can make 

reasonable single forecasts for a sine wave in real-time. The forecast error, like in 

constant series forecasdng, is sensitive to the learning rate. A properly selected large 

learning rate may result in acceptable single step forecasts. It appears that single step 

forecasts have the capability to follow a linear trend. Further results of real-time 

recurrent neural networks in performance modeling and forecasting appears in Chapter V. 

4.3 ARIMA Methods 

It has been discussed in Section 2.3.2 that ARIMA modeling provides a systematic 

technology in time series analysis. The method has a relatively strong statistical 

foundation and offers high accuracy in short-term forecasts in most cases. However, 

ARIMA modeling procedures are basically off-hne methods and not well suited for 

automated processes. Often intuitive knowledge and experience are required. These 

limitadons appear to limit applicadons in real-dme system survival assessment. 
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CHAPTER V 

PERFORMANCE EVALUATION OF THE TECHNOLOGIES 

WITH TYPICAL DEGRADATION DATA SETS 

Several possible methodologies for performance modeling in a time series fashion 

relevant to self-assessment of survival have been reviewed and developed previously. 

This chapter focuses on quandtadve evaluadon of these technologies. 

5.1 Evaluation Judgment 

System self-assessment of survival in time series modeling relies on system 

performance modeling and forecasdng in both point forecasts and interval estimates. 

The main concerns are related to model fitdng, forecast accuracy, model "self-

generation," modeling complexity, and timeliness issues. 

Accuracy measures are considered in both model fitting and forecasting. Taking n 

as the number of series data points, the first in - 5) or in- 10) points are used for model 

fitting, and the subsequent 5 or 10 forecasts are generated by the fitted model. The error 

in model fitting, or a model residual, is defined as 

^,(i) = y,^,-y,( i) , (5.1) 

where r = 1, 2, ..., n-10, or in- 5); and Y, (1) is the one-step ahead forecast of y,. 

The measure of accuracy adapted for model fitting evaluation is the mean square error 

(MSE) defined as 
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MSE= ^-—tefil), (5.2) 

with the { e, } series tested for white noise or nearly white noise characteristics. The 

calculadon of MSE in Equadon (5.2) is started from a dme m > 1 (not dme r = 1) to avoid 

the effect of inidal conditions. The model residual check for white noise is used for 

model adequacy checking in time series analysis. The customary white noise test is based 

on sample autocorrelation of a dme series, using the fact that autocorrelation coefficients 

for nonzero lags of a white noise series are near zero. If a model's residuals cannot be 

passed for a white noise test, then the model should be modified or another model should 

be presented. A common test is the Portmantaeu or Q test [Brockwell and Davis, 1994]. 

If a time series {y,} is from a white noise process, then the statistic 

Q = nin + 2)i-^pHh) -^ x'W • (5.3) 
7 = 1 " - ; 

Thus the null-hypothesis of white noise is rejected at level a if Q> X\-aW • Another 

test for a white noise process in a frequency domain is called Bardett's test [Newton, 

1988]. If a time series { Y^} follows a white noise process, then /(ft)) = a~ and 

Fico) = G^(0. Hence, 

ificoj) 
FiCO,) = ̂  , k=l,2,...,q = in/2)+l (5.4) 

lfi(Oj) 

should be approximately equal to a straight line with a slope l/q and intercept 0, given by 

5. = - , k= 1,2, ...,q 

q 
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Forecasting error is important when evaluating forecasting models. In the research, t\\ o 

type of forecasts are adapted: one-step ahead forecast and multiple-step ahead forecast. 

The following accuracy measures are used for forecast evaluation 

1. Mean square error (MSE) 

1 n ^ 
MSE = — X e; (1), for one-step forecasts, or (5.5a) 

n t=\ 

I " . 
MSE = - Xer (/), for multiple-step forecast. (5.5b) 

n i=\ 

2. Mean percentage error (MPE) 

1 " e (/) 
M P E = - I ^ . (5.6) 

n i=x y,̂ / 

3. Root mean square prediction error (RMSPE) 

RMSPE = (ME^ + MSE)'^-, (5.7) 

where MSE is defined above and ME is the mean error, defined as 

1 ^ M E = - I e , ( / ) . (5.8) 
ni=\ 

5.2 The Methods 

As discussed previously, one of the purposes in the research is to study different time 

series modeling methods and find a suitable one, which can be used in practice for real

time self-assessment of survival. The following method's performances are evaluated in 

this chapter: 

The naive method; 

Linear trend exponential smoothing algorithm; 
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Adaptive exponential smoothing; 

Real-time recurrent neural network, and 

ARIMA method. 

The naive method has a very simple model for series modeling and forecasting. If the 

naive method is used to model and forecast a series [Y,], then the model fitting can be 

expressed as 

Yt^i = Yt ' (5.9) 

where r = 1,2, ..., n-m; n is the total number of data points of the series, m is the number 

of last data points in the series. It implies that in modeling, the one-step ahead 

forecasting is always the value of the data point in the previous time step. The forecast in 

the naive method is 

Yn-m+k ~ Yn-m ^ (5.10) 

where k= 1,2, ..., m. The forecasts are constant, extended from the value of the last data 

point available. 

It is difficult to adapt the ARIMA method for on-line time series forecasting and 

estimation. However, the ARIMA method is included in this evaluation study for 

comparative purposes due to its reputation in time series literature. The aim of this 

evaluation is to find suitable methods (not necessarily the most accurate method) which 

can be used in survival assessment applications. 
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5.3 The Data Series 

Four data series are used to evaluate the performance of selected forecast methods. 

They are selected to represent a degrading process without seasonality. Figure 5.1 

through Figure 5.4 display the series. 

Series 1 data are measured thrust force data - from a drilling operation. The thrust 

force is chosen as a physical performance measure for the performance failure of the drill 

with respect to an excessive wear failure mode. The series has 40 data points, each 

represendng a hole average. The detailed informadon can be found in [Kim, 1991]. 

Series 2 is the sequence of temperature data sensed from the surface of an overloaded 

transistor. A T-type thermocouple was used as the temperature sensor. The signal is 

acquired by the AT-MI0/AI-16XE data acquisidon board through a 5B47 analog input 

module, and converted to temperature. The sample frequency is set at 2 Hz. The series 

has a total of 144 data points. 

Series 3 is a simulated data series, created by a "s" curve with added white noise. 

This series is used to simulate a typical degradation curve. The series has a total of 160 

data points. 

Series 4 is similar to series 2, the sequence of temperature data, sensed from a 

resistor. As in series 2, the signal is acquired by the AT-MI0/AI-16XE data acquisition 

board through a 5B47 analog input module. The sample frequency is set at 4 Hz. The 

series has a total of 185 data points. 

In the following secdon, the different methods discussed above are applied to the 

four series. The results in both model fit and forecast are analyzed and discussed. 
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Figure 5.1. Series 1: the thrust force in a drdling operadon [Kim, 1991]. 

1 11 21 31 

Figure 5.2. Series 2: the temperature of the transistor in operation. 
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Time / 

I I 

1 11 21 31 41 51 61 71 81 91 101 111 121 131 141 151 

Figure 5.3. Series 3: the simulated degrading data. 
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Figure 5.4. Series 4: the increasing temperature data. 
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5.4 Test Results and Evaluation 

In series 1, the last 5 points are split for forecasdng evaluadon and the 35 prior data 

points are used for model fitdng. The rest of the three time series split the last 10 points 

for forecasdng evaluadon, with remaining prior points used for data modeling. 

5.4.1 Model Fitting 

ARIMA model fit is selected by considering minimum AICC values, ratio of the 

coefficients to standard error, and model residuals checking. The following tables 

summarize the results [values in parentheses are the rado of coefficients to (1.96* 

standard error)] [Brockwell and Davis, 1994]. 

Table 5.1 Model selecdon for series 1. 

Model 
ARMA(2,2) 

ARMA(0,2) 

ARMA(0,1) 

d 
2 

2 

2 

AR coefficients 
-0.8989 (-04823) 
-0.5093 (-0.5148) 

MA coefficients 
0.1704(0.9172) 
0.1942(0.2696) 
-0.9614 (-2.5087) 
0.3642(0.9051) 
-0.7666 (-2.1205) 

AICC 
180.3867 

175.2256 

176.1242 

Table 5.2 Model selecdon for series 2. 

Model 
ARMA(2,2) 

ARMA(0,2) 

ARMA(2,0) 

d 
2 

2 

2 

AR coefficients 
0.0197 (0.0248) 
0.0665 (-0.1013) 

-1.0001 (-6.9068) 
-0.5287 (-3.6514) 

MA coefficients 
-1.3044 (-1.6249) 
0.5951 (1.3099) 
-1.2934 (-7.5816) 
0.5009(1.7959) 

AICC 
233.0049 

231.5820 

263.3548 
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Table 5.3 Model selection for series 3. 

Model 
ARMA(2,2) 

ARMA(0,2) 

ARMA(2,0) 

d 
2 

2 

2 

AR coefficients 
-0.1379 (-0.1253) 
-0.0385 (-0.0370) 

-1.002 (-7.1056) 
-0.4837 (-3.4299) 

MA coefficients 
-1.2560 (-1.1342) 
0.3950 (0.7496) 
-1.3944 (-8.6549) 
0.5453(1.9726) 

AICC 
510.6727 

507.5164 

565.7305 

Table 5.4 Model selecdon for series 4. 

Model 
ARMA(2,2) 

ARMA(0,2) 

ARMA(2,0) 

ARMA(0,3) 

d 
2 

2 

2 

2 

AR coefficients 
-0.1936 (-0.3344) 
-0.1867 (-0.4050) 

-0.9808 (-7.7618) 
-0.5299 (-4.1940) 

MA coefficients 
-1.0534 (-1.8221) 
0.4073 (-1.2259) 
-1.2611 (-8.4630) 
0.4743(1.9774) 

-1.2576 (-8.4393) 
0.4698(1.9622) 
0.1359(0.5449) 

AICC 
476.8853 

475.858 

512.4279 

482.2028 

Considering the above analysis, the final models are selected for the series as shown in 

Table 5.5. 

Table 5.5 Final models for the test series. 

Time Series 
Series 1 
Series 2 
Series 3 
Series 4 

Model 
ARIMA(0,2,2) 
ARIMA(0,2,2) 
ARIMA(0,2,2) 
ARIMA(0,2,2) 

Theta 1 
-0.9614 (-2.5087) 
-1.4113 (-10.128) 
-1.6690 (-8.8183) 
-1.3027 (-11.098) 

Theta 2 
0.3642 (-1.0510) 
0.6636 (4.6885) 
0.7316(6.5146) 
0.5595(4.1509) 

MSE 
9.3527 
0.3060 
1.5103 
0.8670 

WNQ* 
15.97 
19.04 
12.49 
18.86 

;rilo.05(20)=31.410 
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Figures 5.5 through 5.8 show the Bartlett's test for model residuals of the four series, 

respecdvely [Newton, 1988]. 

i.ee 
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Figure 5.5. Bartlett's test for series 1 model residuals. 
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Figure 5.6. Bartlett's test for series 2 model residuals. 
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Figure 5.7. Bartlett's test for series 3 model residuals. 
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Figure 5.8. Bartlett's test for series 4 model residuals. 
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From the above analysis, no evidence exists to support rejecting a null hypothesis that the 

model residuals are from a white noise process. The relative ARIMA(0,2,2) models 

selected for the series appear to be satisfactory. 

As for the naive method and Holt's exponential smoothing, there is no model 

identification and selecdon procedure. The critical judgment for the propriety of the 

algorithms is the one-step ahead prediction error checking, or model residual checking. 

The ideal result of model residuals should be white noise or near white noise. Figures 5.9 

through 5.12 show the model residuals of Holt's exponential smoothing; and Figures 5.13 

through 5.16 show the model residuals of the naive method for the four time series, 

respectively. 
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35 

Figure 5.9. Holt's smoothing residuals for series 1. 

Figure 5.10. Holt's smoothing residuals for series 2. 
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Figure 5.11. Holt's smoothing residuals for series 3. 

3.00 

2.00 -

1.00 -

0.00 

•1.00 

-2.00 

-3.00 

? n ^ ? 

rl 
t I T 

»„ <£,.̂ . o j <^. _«, .<.4*:* .<^%., . fLM<^.<?, 

^ ^ V QV ^ 0 ^ O O 
1$0 

. ^ 

Figure 5.12. Hoh's smoothing residuals for series 4. 
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Figure 5.13. The naive method residuals for series 1, 
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Figure 5.14. The naive method residuals for series 2. 
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Figure 5.15. The naive method residuals for series 3. 

5.00 

Figure 5.16. The naive method residuals for series 4. 
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From the appearance of the model residual displays above, the naive model residuals of 

the series have more mean structure than those from exponential smoothing. Furthermore 

calculation for the Q test and the results of model fitting by the naive method and Holt s 

exponential smoothing are summarized in Table 5.6. 

Table 5.6. Model fitting by the naive method and Holt's exponential smoothing. 

Series 
Series 1 

Series 2 

Series 3 

Series 4 

Method 
Hoh's ( a =0.65:^=0.87) 

Naive 
Holt's ( a =0.37:^=0.72) 

Naive 
Holt's ( a =0.45;j3 =0.30) 

Naive 
Hoh's ( a =0.44;/3 =0.58) 

Naive 

MSE 
10.4842 

13.0248 
0.3311 

0.7471 
1.8511 

2.2185 
0.8629 

2.5391 

WNQ* 
18.62 

22.46 
12.85 

92.03 
9.95 

53.59 
14.58 

223.37 

* ;tilo.05(20)=3 =31.410, 

The results of model residuals show that Holt's algorithm performs well in model 

fitting. All model residual series from the four data sets fit appear as white noise, with 

regard to Q statistics. Except in series 1, the naive method can not produce what appears 

to be white noise residuals. One may conclude that the naive method is not proper for 

these series. Figure 5.17 shows the Bartlett's test for the naive model residuals of series 3 

(which produced a Q statistic of 53.59). The null hypothesis of white noise is rejected at 

level 0.05, based on the evidence. 
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Figure 5.17. Bardett's test for naive model residuals of series 3. 

5.4.2 Forecast Accuracy 

Two types of forecasts are designed and compared regarding the methods described 

previously. The one-step ahead forecast is the estimated value for the next step based on 

all current available data points. The multiple-step ahead forecast predicts a future value 

of a specified time step by iteratively operating a one-step forecast procedure. Using the 

ARIMA(0,2,2) model, multiple-step forecasts at time r are, 

y,(i) = 2y , -y ,_ , -0 ,a , -02«/ -P 

y,(2) = 2y , ( i ) -y , -02«, , 

y,(/) = 2 y , ( / - i ) - y , ( / - 2 ) . / > 3 

Multiple step forecasting with exponential smoothing is straightforward (see Section 

4.1.2). Tables 5.7 through Table 5.10 show the one-step forecast results. 
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Table 5.7. One-step forecast for series 1, 

Method 
ARIMA 
Hoh's Exp. 
Naive 
Adap. Exp. 

MSE 
4.5991 
4.7623 
6.3727 
2.9487 

MPE 
0.0032 
0.0035 
0.0068 
0.0009 

RMSPE 
2.3310 
2.1848 
3.1610 
1.7388 

Table 5.8. One-step forecast for series 2. 

Method 
ARIMA 
Hoh's Exp. 
Adap. Exp. 
Naive 
RTRN 

MSE 
0.4423 
0.4674 
0.3820 
4.6914 
2.8000 

MPE 
0.00001 
0.00037 
-0.00028 
0.02154 
0.01563 

RMSPE 
0.6651 
0.6862 
0.6182 
2.9503 
2.2296 

Table 5.9 One-step forecast for series 3. 

Method 
ARIMA 
Holt's Exp. 
Adap. Exp. 
Naive 
RTRN 

MSE 
11.7414 
4.6791 
3.2945 
8.7130 
8.2588 

MPE 
0.0373 
0.0208 
0.0164 
0.0299 
0.0253 

RMSPE 
4.5169 
2.7239 
2.2289 
3.7798 
3.5176 

Table 5.10 One-step forecast for series 4. 

Method 
ARIMA 
Holt's Exp. 
Adap. Exp. 
Naive 
RTRN 

MSE 
0.6748 
0.6719 
0.7389 
1.3971 
2.0806 

MPE 
-0.0017 
-0.0017 
-0.0039 
0.0046 
0.0062 

RMSPE 
0.8951 
0.8922 
1.2527 
1.5224 
1.9446 
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Figures 5.18 through 5.21 show one-step forecasts of Holt's exponential smoothing for 

series 1 to series 4, respectively. 
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Figure 5.18. Single step forecasts of Holt's smoothing for series 1, 
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Figure 5.19. Single step forecasts of Holt's smoothing for series 2. 
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Figure 5.20. Single step forecasts of Holt's smoothing for series 3. 
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Figure 5.21. Single step forecasts of Holt's smoothing for series 4. 

From the MSE values of single step forecasts in Holt's smoothing method and the figure 

display. Holt's smoothing algorithm works well for recursive one-step ahead forecasting. 

Series 1 has less data points (40), and in the study only the last 5 data points are split 

for forecast evaluation. The other data sets use the last 10 points for forecast comparison. 

Hence, in multiple-step forecast, a 5-step forecast is performed for series 1 and 10-step 

forecasts are performed for series 2, 3, and 4. The run results are shown in Table 5.11 

through Table 5.14. The above summary does not include adaptive exponential 

smoothing in the multiple step forecast, because the algorithm is naturally designed for 

adjusting the smoothing constants in each time step. According to the results, the Holts 

method outperforms the naive model in MSE and RMSPE. Figures 5.22 through 5.25 

show the multiple forecasts for each series. 
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Table 5.11 Five-step forecast for series 1, 

Method 
ARIMA 
Holt's Exp. 
Naive 

MSE 
9.4048 
4.4248 
35.3313 

MPE 
0.0079 
0.0060 
0.0180 

RMSPE 
3.7815 
2.6790 
7.7876 

Table 5.12 Ten-step forecast for series 2. 

Method 
ARIMA 
Hoh's Exp. 
Naive 

MSE 
2.2720 
1.0512 

157.2678 

MPE 
-0.0129 
-0.0085 
0.1154 

RMSPE 
1.9490 
1.3083 

16.7397 

Table 5.13 Ten-step forecast for series 3. 

Method 
ARIMA 
Hoh's Exp. 
Naive 

MSE 
82.0399 
63.3743 
145.1695 

MPE 
0.0911 
0.0780 
0.1247 

RMSPE 
11.6449 
10.1422 
15.6437 

Table 5.14 Ten-step forecast for series 4. 

Method 
ARIMA 
Hoh's Exp. 
Naive 

MSE 
17.9040 
17.5199 
43.0210 

MPE 
-0.0167 
-0.0166 
0.0291 

RMSPE 
5.4994 
5.4402 
8.9504 
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5.4.3 Timeliness 

System self-assessment of survival requires real-time performance of on-line data. 

Timing is critical to the results. Usually, the survival assessment in each time step must 

be finished within one sample interval. The sample frequency for physical performance 

measurement, therefore, is limited by the time consumed by the codes of the forecast 

algorithm, result display, and overhead. In order to provide the technology with a 

relatively wide range for applications, with regard to sample frequency selection, the 

algorithm used should be as fast as possible. The following table gives the estimates of 

CPU time used in one step calculation for Holt's exponential smoothing, real-time 

recurrent neural network (RTRN) and the time used for result display and overhead. The 

timing is tested in debug mode using LabWindows/CVI. 

Table 5.15. CPU time used in algorithms and display. 

Methods 
Holt's exponendal smoothing 
RTRN (4 neuron, 3 input) 
RTRN (6 neuron, 4 input) 
RTRN (8 neuron, 5 input) 
Result display and overhead 

CPU Time (ms) 
7.0E-3.0 
6.0 
19.0 
47.0 
15.0 

The above results show that the computation of a real-time recurrent neural network is 

very expensive compared with exponential smoothing. In application of the exponential 

smoothing algorithm, the main portion of time spent is in results display and overhead, 

not in the algorithm itself Therefore, from a timeliness perspective, the exponential 

smoothing algorithm is promising. 
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5.5 Summary 

This chapter quantitatively investigated several feasible forecasting methods, applied 

to performance data sets. These results reveal interesting information. Howe\ er, it 

should be noted that it is impossible to draw conclusions for all possible data sets from 

the few examples at hand. It is not the purpose of the evaluation to judge the "winner" or 

the "best" model in time series analysis. The focus is on which method(s) is (are) suitable 

for adaptation in performance reliability assessment applications, considering the basic 

requirements of self-generation and timeliness. The results show that a degrading 

performance measure series, with a strong trend component, may be modeled as an 

ARIMA(0, 2, 2) process. The four examples support the result, as the model residuals 

appear as all white noise processes, and the model parameters are significant. 

The ARIMA method has a solid statistical foundation for modeling and forecast 

variance estimation. However, its off-line modeling nature/requirements provide se\ ere 

disadvantages in real-time performance reliability assessment (without significant 

modification for automation). This method serves as a base to compared other methods. 

From the results. Holt's exponential smoothing performs as well as the ARIMA 

model perform well in both model fitting and short-term forecasting. Holt's algorithm 

may outperform ARIMA model in single forecasts (Table 5.9 and series 3). The reason 

for such a performance lies in the fact that Holt's smoothing is equivalent to an 

ARIMA(0, 2, 2) model, and the performance degrading data resemble this form. In 

forecasting Holt's linear trend algorithm estimates and adjusts the local level and trend in 

each time step. This dynamic feature makes the algorithm suitable for those data series 
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where series changes may be expected over the lifetime of a system. The time consumed 

in Holt's algorithm, compared with real-time recurrent neural network algorithms as well 

as display and overhead demands, is negligible. 

The forecast results show that the adaptive exponential smoothing algorithm 

performs well in one-step forecasts. Except in series 4, forecast results from adapti\e 

exponential smoothing are close to the results of Holt's algorithm. If there is no prior 

knowledge about data series and smoothing constants, adaptive smoothing algorithms 

may be considered. 

Real-time recurrent neural networks and learning algorithms were used to perform 

the series forecasting in real-time. In single step forecasts, the network appears to have 

the capability to follow a linear trend. However, besides expensive computation, the 

single forecasts are sensitive to the learning rate in real-time performance. In this study, 

the results obtained are not as good as the results of exponential smoothing. Further 

study is needed for network generalization and multiple-step forecasting performance. 

The naive method is very simple and fast. However, the results showed (as 

expected) that it does not perform well in both model fitting and short-term forecasts, as 

compared to the Holt's results. In general the naive method is not suitable in modeling 

performance measures which have a strong trend component. 

The investigation supports that the assessment model, developed with the linear trend 

exponential smoothing algorithm, satisfies the requirements of performance modeling in 

real-time. It appears feasible and promising in self-assessment of survival in practice. 
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CHAPTER VI 

AN APPLICATION SOFTWARE PROTOTYPE 

This chapter describes an application software prototype using the technologies 

developed in previous chapters for real-time system self-assessment of survival. The 

prototype contains the functions of signal acquisition, processing, series analysis, 

forecasting, and survival assessment. 

6.1 LabWindows/CVI Environment 

The application prototype is mainly developed in a LabWindows/CVI environment. 

LabWindows/CVI is a 32-bit C programming environment for developing real-time data 

acquisition, instrument or process control, and automated test applications. It features an 

integrated C progranmning environment with a built-in compiler, linker, debugger, 

graphical user interface editor, and internal libraries. The internal libraries contain library 

functions for user interface, data acquisition, dynamic data exchange support, serial port 

I/O, and so on. The functions included in the data acquisition library provide means for 

control plug-in DAQ board and signal conditioning hardware. The CVI compiler can be 

set to be compatible to a C compiler such as Borland C+-f- and Microsoft Visual C-I-+. 

In the CVI environment, the development model for creating applications in 

LabWindows/CVI resembles that of other professional C programming tools - using a 

project file that consists of C source files, user interface files, instrument drivers, header 

files, libraries, object modules, and so on. One can also import dynamic linking libraries 
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(DLLs) from compatible compilers and create DLLs for applications. Together with the 

LabWindows/CVI Run-Time System, a stand-alone executable of applications can be 

created and delivered to other users [National Instruments, 1996a]. 

6.2 General Description of the Prototype 

The application prototype named Real-Time System Self-Assessment of Survival 

(RTSAS) is designed for real-time system performance reliability assessment, based on 

sampled physical performance measures. The basic process requires that the physical 

performance measure is sampled at a given sample frequency and the reliability is 

assessed for a given period of future time. For this purpose, it contains the following 

function modules: data acquisition, data storage and modeling, point and interval 

forecasts, reliability assessment, and a user interface, which includes input setting, output 

display, warning signals, and so on. Figure 6.1 shows the conceptual diagram in terms of 

functional modules. 

In running mode the prototype consists of a simple welcome panel, a main control 

panel window, and three main sub-panel windows: exponential smoothing panel, neural 

network panel, and ARIMA analysis panel. The three main sub-panels are designed for 

specific algorithms and off-line data analysis. The sub-panel window for exponential 

smoothing is designed to analyze off-line data for smoothing constant selection, forecast 

error analysis and so on. The sub-panel window for a neural network is designed only for 

the real-time recurrent neural learning algorithm. The sub-panel window for ARIMA 

analysis is simply an entry to evoke the software of ITSM [Brockwell and Davis, 1994]. 
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Figure 6.1. The function modules of the prototype. 

The main control panel window supports, with its sub-tablet panel, the interface for 

real-time reliability assessment operations, such as user control settings for data 

acquisition (DAQ), modeling method selection, estimated reliability and reliability curve 

display, user control operation, and so on. The relations between the windows and sub-

windows and their functions in the prototype are illustrated in Figure 6.2. The sub-tablet 

panel is designed for editing the control settings for data acquisition. 

The application prototype of Real-Time System Self-Assessment of Survival is 

developed for PC compatibles in a Microsoft Windows® 95' environment using 

\®3 LabWindows /CVF (with NI-DAQ^ Libraries and Instrument drivers support) and 

Microsoft® Visual C++TM 4.0."* It involves approximately 7,000 lines of code. 

'•'* Microsoft Windows®95 and Microsoft® Visual C+-h-Mare registered trademarks of Microsoft Corporation. 
•̂̂  Labwindows® and Nl-DAQ®are registered trademarks of National Instruments Corporation. 
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Figure 6.2. The main control panel, main sub-panels, sub-tablet panel, and their operations. 
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6.3 Data Acquisition 

Data acquisition is considered as a procedure for obtaining data from field physical 

phenomena. It is adapted for the purpose of monitoring, analysis, control display, and so 

on. Usually, a digital computer is employed in the procedure. The essential components 

in data acquisition include sensors, signal conditioning, data acquisition hardware, 

computer and software used for supporting data acquisition and processing. 

In the research, thermocouples are used as temperature sensors. The sensed 

temperature data are acquired by an analog-digital AT-MIO/AI-16XE board through 

signal modules, such as 5B47, 5B30 analog input modules for different types of 

thermocouple signals and applications [Analog Devices, 1995; National Instruments, 

1996b]. The software NI DAQ provides functions for accessing the board and data 

acquisition. The application software prototype for performance reliability assessment of 

survival includes temperature data acquisition built on LabWindows/CVI and MS Visual 

C-i~i-, supported by the Windows 95 operation system. The current configuration used in 

reliability assessment is depicted in Figure 6.3. 

Thermocouple 
Sensors 

— ^ 

— > 

t 

5B Series 
Signal 

Conditioning 
Modules 

5B08 Module Supporter 

J" 

RTSAS 

AT-MIO/AI-16XE 
DAQ Board 

; LabWindowns/CVI 

•! : 

NI-DAQ 

, MS Visual C++ 

Figure 6.3. The configuration of data acquisition in the prototype. 
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T-type thermocouple sensors are used in the prototype for demonstration. The signal 

from the thermocouple is connected to 5B47 linearized thermocouple input modules and 

the voltage output of the module is sent to the DAQ board. Usually, a T-type 

thermocouple can sense a temperature range of 0° - 400 °C with non-linear voltage 

output in mini volts. 

The 5B47 thermocouple input module accepts input signals from different types of 

thermocouples and provides a 0 to -i-5 V output. The 5B47 thermocouple input module 

features several functions for thermocouple signal conditioning [Analog De\ ices, 1995]. 

The module has a cold junction compensation for correcting of effects of the parasitic 

thermocouples formed by thermocouple wire connections to the input screw terminals. 

The compensator provides an accuracy of ±0.5 °C over the -f-5 °C to -f-45 °C ambient 

temperature range. A signal amplifier within the module provides all of the module's 

gain and assures low drift. A linearizer is designed in the module internally to linearize 

the thermocouple signal providing an output that is linear to the temperature. In the 

configuration, a T-type thermocouple connected to the 5B47 module is used to measure 

temperature ranging from 0 °C to 200 °C with a linear output from 5B47 at 0 to +5 V. 

The data acquisition board, AT-MIO-16XE-50, used in the research is selected from 

AT E series boards from the National Instruments Company. These are completely 

switchless and jumperless data acquisition boards featuring NI DAQ-PnP bus interface 

chip connections between the boards and an AT I/O bus. The DMA, interrupts, and base 

I/O addresses are all software configurable by the Plug and Play ISA specification 

implementation of DAQ-PnP. This allows for changes in the AT E Series board 
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configuration without having to remove the board from the computer. These series 

boards perform multifunction analog, digital, and timing I/O for the PC AT and 

compatibles. The AT-MIO-16XE-50 board used in the research provides 16-bit ADCs 

with 16 channel inputs and 12-bit DACs with 2 channel voltage outputs. The main 

characteristics relative to DAQ in the research are as shown in Table 6.1. Table 6.2 

summarizes input signal ranges of the board. The detail information about the E series 

data acquisition boards can be found in National Instruments (1996b). 

Table 6.1. Selected analog input characteristics of AT-MIO-16XE-50. 

Character Items Features 
Number of channels 
Type of ADC 
Resolution 
Maximum sampling rate 
Input coupling 
Maximum working voltage 
Overvoltage protection 
FIFO buffer size 
Data transfers 
Configuration memory size 
Input signal ranges 

16 single-ended or 8 differential 
Successive approximation 
16 bit, 1/65,235 
20K Hz guaranteed 
DC 
Average of each differential pair < ± 8 V of GND 
± 25 V powered on; ± 15 V powered off 
512 samples 
DMA, interrupts, programmed I/O 
512 words 
(see Table 6.2) 

Table 6.2. Input signal ranges of AT-MIO-16XE-50. 

Board Gain 
(Software 
Selectable) 

1 

2 

10 

100 

Board Range 
(Software Selectable) 

i 

Unipolar 

Oto 10 V 

0to5 V 

Oto 1 V 

OtoO.l V 

Bipolar 

± lOV 

± 5V 

± IV 

±0.1 V 
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Any signal not connected to the building ground system can be considered as a 

floating signal source, but a floating signal has an isolated ground-reference point. 

Analog input to the AT E series board can be configured in one of three input modes: 

Differential mode (DIFF), Single-Ended Ground Referenced mode (RSE), and Single-

Ended Nonreferenced mode (NRSE), depending on the signal source and applications. 

The three different connection modes are depicted in Figure 6.4 (adapted from National 

Instruments, 1996b). Where the analog input ground (AIGND) is the reference point for 

the single-ended measurements and the bias current return point for differential 

measurements; ACH is for an analog input channel from 0 to 15, and each channel pair, 

ACH<j,j+S> (/ = 0, .. .,7), can be configured as either one differential input or two 

single-ended inputs; the analog input sense signal (AISENSE) serves as the reference 

node for any input channels ACH <0... 15> in the NRSE configuration. In the research, 

the data acquisition configuration is summarized in Table 6.3. 

Table 6.3. Configuration of data acquisition in the RTSAS prototype. 

Name Configuration Remarks 

AT-MIO-16XE-50 Device<l>, board Gain = 1.0, Unipolar Board Range 0-10 V, 

NRSE mode for input connection Max for 16 channels 

ACH<0... 15>/MI0 Connected to 5B08 backplane Through NB5 cable 

5B08 backplane Support 8 channels for 5Bx input module 

5B47 input modules ^^^^^^ Q ^^ ^5 y , ± 0.5 °C P""" ACH<0,1> 

T-type thermocouple Q _ 200 ° C Connected to ACH<0,1> 

in 5B08 backplane 
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Figure 6.4. Analog input connections (Floating Signal Source) to DAQ board. 
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According the configuration of AT-MIO/AI E-50, the resolution for A/D conversion 

was calculated as 

Resolution = 77^ (V) 
2' 

= 1.526* 10-̂  (V). 

The measurement error by the limit of resolution, w ith regard to temperature converted b\ 

the 5B module, was estimated as 

Error = 200/5* 1.526* lÔ ^ 

= 0.0061 °C. 

Compared with the error from the 5B47 module conversion (±0.5 °C). the error created 

by A/D conversion is ver>' small; therefore, the designed DAQ system for temperature 

signal measurement possesses accuracy of ±0.5 'C . 
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6.4 User Interface 

The user interface in the prototype was designed considering the following user 

operations: 

1. Mode and method selection; 

2. Working environment parameter selection; 

3. Reliability assessment and estimated reliability curve display; 

4. Alarm information display; 

5. User control of process; 

6. Data loading and filing; 

7. The entries to sub-main panels; and 

8. On line system help and user operation confirmation information. 

Users can set the working environment of the prototype through operation selection 

in the main control panel and the sub-tablet panel of the RTSAS DAQ property editor. In 

the main control panel, the menu bar and the operation setting box provide user control -

method selection, forecast enable, step-ahead setting, and so on. Figure 6.5 depicts the 

main control panel of the prototype. A strip chart and a graph display in the main panel 

were designed for real time data and estimated reliability curve displays, respectively. 

For clarity, working condition settings for data acquisition were designed in the sub-

tablet panel, which includes operations such as device selection, channel selection, 

sampling frequency set, critical limit set and edit, data logging control, and so on. 

Additional details regarding the description of the prototype and operations in real-time 
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performance reliability monitoring and assessment can be found in Kolarik and Lu 

(1997). Figures 6.6 and 6.7 depict the sub-table panels. 

Once the working conditions for a specific application are initiated, the user needs 

just to click the start bottom in the main control panel to start the prototype. After user 

confirmation of current condition settings, the prototype starts real-time operation. The 

sampled data at the given sample frequency, and the critical limit value are displayed in a 

strip chart across time, and performance reliability assessments for one-step ahead and /-

step ahead (set by user) are shown in digital displays for every sample step. If required, 

the user can click the display button, in the main control panel, for a reliability curve 

display. All information on sampled data, reliability estimates, warning messages, 

configuration of settings and so on, can be filed if necessary. In the main control panel, 

two indicators were also specifically designed for sampling frequency display; one shows 

the sample frequency set by the user and the other shows actual sampling frequency. 

The software prototype provides Holt's smoothing method and the adaptive 

smoothing alternative in real-time operation. In applications, the Holt's method is 

recommended, if the user can properly decide the alpha and beta values, otherwise the 

adaptive smoothing algorithm may be adopted. The adaptive smoothing algorithm will 

automatically adjust the smoothing constants regarding forecast error in each step. In the 

main control panel, there are "entries" designed for evoking sub-main panels by right 

clicking the text message box. These sub-main panels are the places for off-line analysis 

of performance data (in order to help the user gain information and knowledge about the 

loaded data and parameter analysis). The main sub-panel of exponential smoothing in the 
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prototype is shown in Figure 6.8. In this main sub-panel the user can load data from a file 

and study the data relative to exponential smoothing constants, forecast accuracy. 

adaptive smoothing results, and so on. 
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CHAPTER v n 

SUMMARY AND CONTRIBUTIONS 

7.1 Summary 

In traditional reliability engineering, system reliability is estimated by analyzing life 

test data. It is commonly accepted that the reliability characteristic of a system can be 

quantitatively modeled as a reliability function. This approach considers only two 

possible states of an operating system: a state of functioning and a state of failure. The 

system under consideration is accepted as a "black box" which performs the required 

function until it fails. Also, reliabihty models developed from test data are typically valid 

only under specific, fixed operating and environmental conditions. 

Customers, designers, and engineers are interested in sustained system performance 

over time, and prefer to proact before system failure happens. This desire leads to a need 

for real-time conditional reliability estimation and for assessing the prospects of a next 

failure-free period. The objective of this research project was to theoretically define and 

quantitatively develop system survival prediction models, using time series technologies, 

and provide a basic demonstration of the concept. 

Implementation of system self-assessment of survival is based on the fact of system 

physical performance degradation and the concept of performance reliability. System 

performance is usually degrading with time (aging). Real-time physical performance data 

can usually be mined for degradation clues, which make it possible to analyze physical 

performance measures for system reliability assessment in real-time. If given the 
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definition of failure in terms of performance characteristics, the performance reliabilit\ î  

defined as the conditional probability that the performance measure is less (or greater) 

than a performance critical limit (which represents an appropriate definition of failure in 

terms of physical performance), for a specified time period or usage. This definition 

connects the physical performance measure with the reliability estimation. The 

performance reliability represents the probability that performance will remain 

satisfactory over a finite period of time or usage in the future. 

Detailed requirements for the research included real-time performance. Here, 

timeliness and self-generation of time series models present challenges. Degradation data 

series were studied in the research. Time series modeling of Autoregressive Integrated 

Moving Average, exponential smoothing with linear local level and trend, and real-time 

recurrent neural networks were studied with regard to real-time physical performance 

measure modeling and forecasting in self-assessment of survival. General findings 

developed out of this research include: 

1. The performance reliability model developed is capable of making real-time 

rehabihty assessments - time series modeling of physical performance measures 

can be linked to real-time conditional system performance reliability assessment 

through the forecast interval estimate. Single failure mode and independent t\\ o 

failure mode cases were studied for survival assessment in time series modeling. 

2. The typical system physical performance measure with a degradation component 

(trend component) can generally be modeled as an ARIMA(0. 2, 2) process. The 

linear trend exponential smoothing algorithm (Holt's algorithm) is equivalent to 
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an ARIMA(0, 2, 2) process. This relationship provides the mathematical 

foundation for establishing a forecast interval, which is used to assess 

performance reliability. 

3. It is feasible to use the prototype model developed in the research for self-

assessment of survival in real-time. The model developed meets the 

requirements of both model "self-generation" and timeliness. The smoothing 

procedure is computationally recursive and simple, and provides short-term real

time performance reliability assessment. If the smoothing constants are properly 

selected, an optimal single forecast can be obtained. 

4. System self-assessment of survival in time series modeling has advantages over 

the classical reliability measures. It provides real-time information relative to 

individual performance and prediction of a next failure-free period in the future. 

It is unit specific - it uses information from the unit in use only, rather than 

historic information from other units run under similar conditions. 

5. The concept and the technology of time series modeling performance reliabilit)' 

can be readily extended to a multiple failure case. The technology can be applied 

to applications where system failure can be properly defined in terms of physical 

performance which is measurable in the field. 
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7.2 Contributions 

This research produced the following major contributions. 

1. This research studied theoretical arguments in system self-assessment of survival 

in time series modeling of physical performance. Assessment models in cases of 

a single failure mode and two independent failure modes were developed. 

2. This research investigated several methods for performance reliability modeling 

in real-time, and resulted in the development of a self-assessment model using an 

adapted hnear trend exponential smoothing algorithm in real-time. It provides 

proof of concept for on-line performance data modeling and real-time reliability 

assessment. 

3. This research developed a framework/application software for real-time system 

self-assessment of survival which can be applied to real applications. 
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APPENDIX 

HOLT'S ALGORITHM AND DOUBLE SMOOTHING 

ALGORITHM (Section 4.1.2.1) 

Using the simple exponential algorithm twice results in the double smoothing 

algorithm. The Holt's algorithm considers the level and trend of observed data, and, in 

fact, the double smoothing algorithm is a special case of Holt's linear trend algorithm. 

The double smoothing algorithm can be expressed as 

4*^ =aY,+il-a)L\^\, (A. la) 

4^^ =aL\^^ - H ( l - a ) L S . (A.lb) 

By contrast with the Holt linear trend algorithm, the double smoothing algorithm rests on 

a single smoothing constant a . In the case where the data series have local linear trends, 

the appropriate forecast of Yt+i, made at time t, can be evaluated as 

y, (/) = 2L\'^ - 4'̂  + /(-^)(L!'^ - 4̂ )̂. (A.2) 

l-a 

In the double smoothing algorithm, the prediction can be explained as the combination of 

level and trend 

Y,il) = L,+lT,, 

where 

L,=2L\'^-L\^\ (A .3 ) 

and 
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7 ; = ( - ^ ) ( 4 ' > - L f ^ ) . (A.4) 
l-a 

The following reduction provides proof that the double exponential smoothing 

algorithm is a sub-case of Holt's linear trend algorithm which has the following form: 

L, =a*y,-H(l-a*)[L,_,-H7;_i], (A.5a) 

T,=p*m-L,_0 + il-p*)T,_,. (A.5b) 

From Equation (A.3) 

L,=2L\''-L\'' 

= 2aY, + 2(1 - a)4!?! - \a6}^ -H (1 - a)I^'^\ ] 

= 2ay, -i-2(l-a)4!.\ -a[aY, -H( l -a)4! . \ j - ( l -a)4- i 

= a(2 - a)Y, -H (1 - a)[2L\% - od}l\ - 4?, J 

= ai2-a)Y,+il-a)\2Lf,-ca}^,-L'^\]-^^^^ 

= ai2-a)Y,+il-a)\^-^L%] 

= a ( 2 - a ) y , + ( l - a ) ' [ L , _ , - H Y ^ L , _ , - ^ 4 ! . \ j , 

using Equations (A.3) and (A.4) 

= a ( 2 - a ) y , - H ( l - a ) ' [ L , _ , - H Y ^ 4 - i - Y r ^ 4 - i ] 

= a(2-a)y,-H(l-a)^[L,_i+r,_il 

= a*y;+(l-a*)[L,_,+r,_,], (A.6) 

where a * = a ( 2 - a ) . (A.7) 
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From Equation (A. lb) 

'(2) -^rO) (2) nr=od};^+ii-a)L\i\, 

(1) i-(2) a L ; ' ^ - 4 " ' ' + ( l - a ) 4 i ; = 0 (2) _ 

= [ ( 2 - a ) - ( 2 - 2 a ) ] 4 ' ^ - [ ( 2 - a ) - ( l - a ) ] 4 2 ) + ( i _ c , ) 4 2 : (2) 

'(1) r(2) (2 -a ) [L ; ' ^ -4^^ ] - ( l - a ) [24 ' ) -42 ) ] + (i_c,)42: '(2) 

l-a 
= (^-^)—r-T,-il-a)L,+il-a)L\l\, 

a 

then. 

Z =- L-- L^2) 
' 2-a ' 2- a 

t-i 

a a 
2-a (A-A-i)+^r^(A-.-4i;) 

a a 
2-a (Lt-Lt.o+jz^i2n;^^-m\-^t\) 

^ rr . . 2a l-a 
iL,-L,_,) + - T 2-a 2-a a t-\ 

Let p = 
2 - a ' (A.8) 

then, 

T,=P\L,-L,_,) + il-P'^)T,_, (A.9) 
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