
  IAEA-CN-194-097 

  1 

Condition Based Prognostics of Passive Components — A New Era for Nuclear 
Power Plant Life Management* 

 
 S. Bakhtiari

a
, S. Mohanty

a
, I. Prokofiev

b
, R. Tregoning

b
 

 a
Argonne National Laboratory (ANL), Argonne, Illinois, USA 

b
U.S. Nuclear Regulatory Commission (NRC), Washington, DC, USA 

Abstract.  As part of a research project sponsored by the U.S. NRC, Argonne National 
Laboratory (ANL) conducted scoping studies to identify viable and promising sensors and techniques 
for in-situ inspection and real-time monitoring of degradation in nuclear power plant (NPP) systems, 
structures, and components (SSC). Significant advances have been made over the past two decades 
toward development of online monitoring (OLM) techniques for detection, diagnostics, and 
prognostics of degradation in active nuclear power plant (NPP) components (e.g., pumps, valves). 
However, early detection of damage and degradation in safety-critical passive components, (e.g. 
piping, tubing pressure vessel), is challenging, and will likely remain so for the foreseeable future. 
Ensuring the structural integrity of the reactor pressure vessel (RPV) and piping systems in particular 
is a prerequisite to long term safe operation of NPPs. The current practice is to implement inservice 
inspection (ISI) and preventive maintenance programs.  While these programs have generally been 
successful, they are limited in that information is only obtained during plant outages.  Additionally, 
these inspections, often the critical path in the outage schedule, are costly, time consuming, and 
involve potentially high dose to nondestructive examination/evaluation (NDE) personnel. A viable 
plant-wide on-line structural health monitoring program for continuous and automatic monitoring of 
critical SSCs could be a more effective approach for guarding against unexpected failures. 
Specifically, OLM information about the current condition of the SSCs could be input to an online 
prognostics (OLP) system to forecast their remaining useful life in real time. This paper provides an 
overview of scoping studies performed at ANL on assessing the viability of OLM and OLP systems 
for real time and automated monitoring and remaining of condition and the remaining useful life of 
passive components in NPPs. 

1. Introduction  

Long term sustainability of SSCs in the existing fleet of operating reactors requires implementation of 
regular ISI and repair strategies.  The purpose of periodic inspections, performed either during 
refueling outages or during unscheduled shutdowns, is to assess the health of critical SSC to ensure 
safe operation through the next cycle. This is commonly done by implementing appropriate non-
destructive testing (NDT) procedures for inspection of passive components such as steam 
generator (SG) tubes, reactor pressure vessel, and reactor coolant system piping.  Other terminologies 
commonly used to describe this approach are NDE and Nondestructive inspection (NDI) and these 
terms are used interchangeably throughout this paper.  By definition, NDE is an approach for assessing 
the integrity of a structural component without compromising its usefulness.  A variety of 
conventional NDE methods are employed for ISI of plant SSC.  Some prominent inspection 
techniques include remote visual/video testing, eddy current testing, magnetic flux leakage 
measurement, radiography, infrared thermography and acoustic/ultrasonic testing. In the nuclear 
industry, these and several other methods are employed on an application specific basis. Ultrasonic-
based NDE, for example, is routinely used for inspecting the structural integrity of the RPV, reactor 
coolant system piping, and welds [1, 2]. Eddy current testing on the other hand is more widely 
employed for ISI of SGs [3, 4]. A number of promising NDE technologies are emerging and may 
potentially be employed for in-situ inspection and ISI of NPP components. Modern NDE equipment 
has evolved significantly over the past two decades as a direct result of major advancements in 
microelectronics and computer technology. Some common features of modern NDE equipment 
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include: a) higher degree of inspection automation (hardware and software); b) faster inspections 
through employment of linear and matrix array sensor configurations; c) increased accuracy and 
quantification capability; d) greater penetration depth and higher spatial resolution; e) more flexible 
and modular tools allowing incorporation of multiple sensors in the probe assembly; f) more compact 
systems (integrated inspection units for rapid deployment); g) rugged probes for operation in harsh 
environments (elevated temperature and pressure, radiation, moisture, and corrosive media); h) 
inspection techniques that are less affected by the surface condition of components. 

In contrast to NDE, OLM is the process of continuously monitoring or interrogating a system or 
component for degradation [5]. It is worth noting that OLM is a more familiar terminology for the 
nuclear industry, whereas for aircraft, construction, automotive, and other industries the corresponding 
terminology is structural health monitoring (SHM) [6]. The principal advantage of OLM compared to 
NDE is that the former is done in-situ and in a near-continuous or real time basis. A typical OLM 
system consists of networks of sensors which are permanently attached to a component or structure to 
monitor its condition over time. Because of this requirement, OLM/SHM techniques are often referred 
to as embedded NDE techniques [7]. Both conventional OLM and NDE tools can only infer the state 
of the structure at any given instant of time. Whereas, the remaining life of the structure has to be 
estimated using a suitable predictive system. Merely identifying degradation through NDE or OLM 
does not necessarily imply that the part cannot survive the remainder of its design life. Additionally, 
economical constraints are always factored in when making decisions about repair and replacement. 
Predicting the remaining life of a component in advance will minimize the probability of any major 
failure before suitable repair or replacement can be performed. The economy and safety of NPP 
components can be improved by accessing the remaining useful life of a component in real time and 
accordingly alerting the plant operator. This can be achieved using online prognostics (OLP) or a 
condition based life prediction system [8, 9]. OLP of structural components is an active area of 
research and development particularly for complex and expensive systems such as aircraft, spacecraft, 
and nuclear reactor SSC.  For example, NASA has started an integrated vehicle health management 
program aimed at developing condition-based life prediction tools [10]. Research on condition-based 
life prediction for NPP components is also becoming more prevalent. A review of various aspects of 
OLM technology in light water reactor (LWR) applications can be found in [11]. This report also 
discusses the viability of implementing an OLM and prognostic strategy for NPP components.  
Various aspects of a viable OLM and prognostics system for passive NPP components are discussed 
next. Some related research activities at Argonne are also briefly described. 

2. Scope of application to nuclear industry  

Commercial nuclear reactors currently generate approximately 20% of the total power in the United 
States from 104 light water reactors spread across the country. Ensuring the structural integrity of 
critical NPP components is of vital importance to the overall operational safety and economy of the 
plant. Stress corrosion cracking (SCC) and corrosion fatigue (CF) related flaws are important 
degradation mechanisms that have been identified in SSCs both in the US and around the world. Both 
corrosion mechanisms typically occur due to high residual stresses in SSCs such as SG tubes and 
welds in the RPV penetration, nozzles and other primary piping welds. For example, on February 18, 
2001, small amounts of boric acid residue in the vicinity of 9 out of the 69 control rod drive 
mechanism (CRDM) penetration nozzles was found at OCONEE NPP, unit 3, during RPV head 
inspection [12]. Subsequent NDIs identified 47 recordable crack indications in the degraded CRDM 
penetration nozzles. These cracks were either axial or below-the-weld circumferential crack in the 
CRDM nozzle. The root cause evaluation concluded that the CRDM penetration nozzle cracking 
mechanism was primary water SCC (PWSCC). In October, 2000, during containment inspection at 
refueling outage at V.C. Summer NPP, an axial through-wall flaw and a small circumferential crack 
were found in the first weld between the reactor vessel nozzle and the reactor coolant system (RCS) 
hot leg piping [13]. The root cause of this cracking was also PWSCC, which was associated with high 
tensile stresses present in the weld as a result of extensive weld repairs during original construction. 
There are many other SCC/CF related cracking observed in US NPPs [14]. Many of the 
aforementioned cracks might have started long before and not noticed during the scheduled ISIs. 
Missing of such indications could be attributed to small size of the crack that was not within the 
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detectable limit of the NDE technique used at the time. Unnoticed incipient cracks could in certain 
cases grow aggressively and lead to a failure event before the next scheduled outage. OLM and OLP 
can play an important role in minimizing such events. For example, OLM sensors can be permanently 
mounted on to the structural “hotspots” to access degradation in the component or structure in real 
time. Based on the real-time condition, the remaining life can then be predicted using an OLP system. 
The OLM/OLP system could alert the operator well before a failure occurs thus providing sufficient 
time for planning for repair or replacement. This approach could be used to avoid costly unplanned 
outage and provide additional protection against SCC failures. Examples of typical hot spots where the 
OLM/OLP systems can effectively be used are dissimilar metal welds in RPV penetrations, RCS 
dissimilar weld with RPV nozzle, RCS pipe elbows, SG nozzle welds, and RPV belt lines for radiation 
embrittlement related aging. The following section briefly describes various attributes of an effective 
OLM/OLP system. 

3. Attributes of an Effective OLM & OLP system 

An OLM-OLP system is used to estimate the current degradation in a structure and then predict its 
remaining useful life. The OLM system estimates the current degradation or state of the structure 
while the OLP system forecasts the remaining life of the structure. A schematic of the time-line of 
damage accumulation in a structural system is shown in Figure 1. The OLM system estimates the 
damage in real time using advanced signal processing algorithms and data management schemes 
whereas the OLP system predicts the future damage (or remaining life) using advanced mechanistic 
and probabilistic based forecasting models. Various attributes of effective OLM/OLP systems are 
described below. 

3.1 OLM system 

There are different attributes to address when designing an effective OLM system. Those are: 

3.1.1  Sensor selection: The first step is to match the OLM sensor to the component that is being 
monitored. For example, OLM sensors can be broadly divided in to two categories: active and passive. 
Active OLM sensors generally use a deterministic fixed input signal that is transmitted into a structure 
using an actuator. The corresponding sensor signals are analyzed to determine the presence of damage 
in the structure and estimate its type and severity. Piezoelectric ultrasonic transducers can be 
considered as an example of an active OLM sensor [15, 16].  Passive OLM sensors on the other hand 
do not require any actuators since they infer the state of the structure using the environmental or 
operating conditions of the structure to provide the input to the sensor from which the system response 
is then inferred. Vibration [17] and dynamic strain [18] sensors are some examples of passive OLM 
 

 

FIG. 1.  Schematic of degradation time-line of any structural system 
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sensors. In general active OLM sensors are more suitable for passive SSCs such as RPV and stiff RCS 
piping. Conversely, passive OLM techniques are more suitable for active SSCs including systems with 
moving or rotating components such as pressurizer, coolant pumps, and valves. When selecting a 
particular sensor type, it is further necessary to consider the requirements on the size of the defect to 
be detected. For detecting small cracks, it is almost always advantageous to select an OLM sensor with 
the highest possible frequency. Active OLM sensors (e.g., ultrasonic transducers) can be further 
divided based on the type of input signal such as narrow band or broadband inputs. In general, signal 
processing of a broadband input is more complex than the narrow band input because of the complex 
nonlinear mode mixing of signals. However, broadband OLM/SHM systems in general excite multiple 
smaller damage features (e.g. dislocations, vacancy, etc.) and hence are more helpful for detecting 
small changes associated with those features [19]. 

3.1.2  Advanced Signal processing: Selecting the proper signal processing strategy is one of the 
principal challenges of the OLM system design. In particular, extracting information associated with a 
very small damage feature and that has been acquired in a real-life, noisy operating environment is a 
highly challenging task. Whether it is ultrasonic, electromagnetic, vibration or strain signal, a suitable 
technique is required to extract damage sensitive features from the time-series sensor signals. There 
are usually statistical features of the signal that are implicitly related to a change in physical behavior 
of a structure. According to Farrar and Doebling, [20] the SHM or OLM problem is fundamentally a 
statistical pattern recognition problem. There are different functions that the OLM system should 
perform to assess SCC degradation such as damage detection, damage classification and damage 
quantification. The system must first detect when damage has initiated. This can be determined by 
statistically comparing the signal distribution from healthy structure with that from damaged structure. 
The Neyman-Pearson criterion [21] which is widely used for statistical signal processing may be 
appropriate for detecting damage initiation. Figure 2 shows the schematic of no-damage and damage 
present hypothesis that forms this criterion. 

Once it is estimated that damage is present, the OLM system has to classify what type of damage it is. 
For an NPP component, damage could be due, for example, to SCC or wall thinning due to flow 
accelerated corrosion. Machine learning techniques (e.g., those based on the hidden Markov model) 
and support vector machines are increasingly becoming popular for use in damage classification [22]. 
Finally, the OLM system is required to quantify damage. This can be achieved either by using 
supervised [16] or unsupervised [19] damage estimation techniques. 

3.1.3  Information fusion and data reduction: An OLM system may consist of a single or multiple 
sensor nodes. Each sensor node may consist of a single or multiple sensors. Also, individual sensor 
nodes may consist of identical or different types of sensors. Extracting useful information from 
multiple sensor nodes and heterogeneous sensors is always a challenging task. Information fusion and 
cognitive decision science tools can be used to extract information from multiple sensor nodes and 
heterogeneous sensors. These tools are becoming increasingly popular in structural health monitoring 
applications [23]. In addition, OLM sensors typically generate large quantities of data which increases 
the cost of data transfer and storage. It is always more efficient to compress the data at the source. The 
traditional framework for data compression is to first sample the entire signal, and then perform 
compression. Recently, a new data compression method named compressive sampling (CS) [24] has  
 

 

FIG. 2.  Diagram of no damage and damage present hypothesis 
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presented itself as a candidate solution for directly collecting relevant information from sparse, high-
dimensional measurements. This type of technique can be used in OLM system design to alleviate the 
problem of large volume of sensor data. 

3.2 Online prognostics (OLP) 

In addition to assessing the current state of a structure through automated OLM, it is also necessary to 
estimate the remaining life of structural components in real time. Currently, the life of NPP 
components are estimated by using stress/strain life curves [25] or by integrating the damage growth 
rate obtained from simulated rector condition tests [26]. The remaining life of a component depends 
primarily on the microstructure, the loading environment (i.e., temperature, pressure, water chemistry, 
etc.) and the initial damage condition. The methods mentioned above are highly empirical and based 
on laboratory test data which may not always accurately simulate the field environmental loading 
conditions. In addition, the real SCC may not share the exact material alloy and processing as the 
laboratory specimen. Also, the initial condition for empirical or fitted models are commonly based on 
the design requirements and based on the field conditions estimated by NDE during periodic ISIs. As 
cracking may initiate in between the scheduled ISIs, the lack of information about the initiation time 
could result in inaccurate prediction of the remaining useful life of a component or system.  

Through the use of OLM systems, the possibility exists to overcome some intrinsic limitations 
associated with periodic ISIs. By assessing the real-time degradation state obtained with an OLM 
system with a predictive model, the remaining useful component life can be estimated in real-time. 
These online prognostics (OLP) system have to work in conjugation with an OLM system. The OLP 
system can be also be coupled with real-time measurements of the process parameters (e.g., 
temperature, pressure, flow, level, vibration, leak, valve position and coolant chemistry) to reduce the 
uncertainty of forecasting remaining component life. 

Figure 3 shows the schematic of a coupled OLM-OLP system for predicting remaining component 
life. The OLM-OLP system essentially consists of an OLM system and a predictive model. The 
function of OLM model is to estimate the state of the structure in real-time based on the sensor 
measurements. Once the current state is estimated, the information is assessed using the predictive 
system. For cracking damage mechanisms, a crack propagation type model based on the basic 
principles of fracture mechanics is a viable choice for predictive model as it allows efficient and 
accurate integration of data. Early fracture mechanics-based crack growth models were developed for 
non nuclear applications, principally under in-air fatigue loading conditions.  Cracking within a 
nuclear reactor environment, however, may also be affected by conditions such as radiation flux, 
loading rate, and water chemistry.  Therefore, these early fracture mechanics-based crack growth 
models have to be adequately modified to include the effect of these additional parameters. The Ford- 
Andresen [27] model addresses these factors and may be appropriate for stress corrosion (SCC) and  
 

 

FIG. 3.  Schematic of integrated OLM-OLP system 
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corrosion fatigue (CF) evaluation.  It should be noted that most damage growth models, whether the 
in-air or in reactor environments, are deterministic in nature. As such, the OLM-OLP system will 
predict a deterministic remaining life. However, due to micro structural material variability, loading 
and environmental variability, and other random factors, the damage growth curves have rather 
substantial uncertainty. For example, Ghonem and Dore [28] found substantial scatter found 
substantial scatter in crack growth data tested under similar test (i.e., environment and material) 
conditions under constant fatigue loading amplitudes.  The scatter in the predicted crack growth is also 
depicted in Figure 1.  This scatter in crack growth can be accounted for through including the 
probability distribution within the OLP model. The OLP probabilistic model can be developed using a 
first order statistics based probabilistic fracture mechanics approach [29] or by using advanced 
nonlinear Bayesian statistics based fracture mechanics approach [30]. 

4. Preliminary OLM related investigations 

A limited number of small-scale experiments have been conducted at Argonne to assess the 
applicability of OLM techniques to detect initiation and monitor crack growth due to SCC in thin-wall 
alloy tubes, as in a steam generator. A detailed description of that work is provided in [31]. The 
sensing technique uses wide band ultrasound to detect and quantify the initiation of SCC. Proof-of-
principal studies evaluated the use of a small number of permanently bonded ultrasonic piezoelectric 
sensors.  Figure 4 shows a typical progression (time-series) of SCC damage in a U-bend tube 
specimen. The SCC initiated at the apex region. This study demonstrates the feasibility of this system 
for a single tube.  However, the OLM system could also be expanded to include a network of 
detachable or permanently bonded sensors (electromagnetic, acoustic, ultrasonic, fiber optic, etc.) for 
detection of SCC initiation for multiple tubes or an entire structure.  The use of orthogonal sensing 
modalities at each node can help to significantly increase the level of confidence in interpreting the 
data.  The work performed so far has only focused on assessing the viability of an OLM technique for 
detecting and monitoring SCC initiation on a mock-up NPP component. The system, however, could 
be expanded by integrating a suitable OLP model to the existing OLM tool. The goal is to ultimately 
demonstrate the viability of an entire sensor network that can be used to autonomously determine the 
current state of the structure (i.e., diagnostics) on a real-time, continuous basis and alert the operators 
about potential occurrence of any safety significant future event (i.e., prognostics to forecast the 
remaining useful life). 

 

 
 (a) (b) 

FIG. 4.  Example of preliminary data on online SCC monitoring using broadband active sensing; 
(a) circumferential crack developed in a tube and (b) time-series damage of the tube. 
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5. Conclusion 

An overview of scoping studies performed at ANL on emerging OLM-OLP techniques has been 
presented.  Various aspects of a practical OLM-OLP system that could be used to monitor degradation 
in passive SSCs were discussed.  An example of a feasible OLM system studied at ANL was also 
provided along with data on monitoring the initiation and growth of SCC using a broadband active 
sensing technique. Although further research and development efforts in this area are needed, the 
results of small scale experiments conducted to date suggest that using coupled OLM-OLP systems for 
monitoring critical SSCs are viable. A literature survey was also performed to identify potential 
applications of OLM-OLP systems for NPP components. Based on the past incidents of NPP 
component failure, a number of critical locations have been identified where the use of OLM-OLP 
systems can be beneficial.  Some of those locations include dissimilar metal welds in RPV penetration 
and nozzle-safe end welds for reactor coolant system piping. Although the initial OLM-OLP system 
implementation can be started with the most likely and critical SSC locations like dissimilar metal 
welds, their application could be expanded to other systems and ultimately for fleet-wide 
implementation.  Nevertheless, rigorous performance demonstration programs need to be implemented 
and new codes and regulatory guidelines may need to be developed before this technology can be 
widely implemented by the nuclear power industry. 
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