
AUGUST 1993 ECN-RX--93-090 

t¥rietu\ i nnowt ion 

ON-LINE SURVEILLANCE SYSTEM FOR 
BORSSELE NUCLEAR POWER PLANT 

MONITORING AND DIAGNOSTICS 

E. TÜRKCAN 
Ö. CIFTCIOGLÜ 

«fill 
«DE005140102», 

KS00158i»62X 
R: Fl 
OEOOSUOIO? 



The Netherlands Energy Research Foundation ECN 
is the leading institute in the Netherlands for energy 
research. ECN carries out basic and applied research 
in the fields of nuclear energy, fossil fuels, renewable 
energy sources, policy studies, environmental aspects 
of energy supply and the development and application 
of new materials. 

ECN employs more than 900 staff. Contracts are 
obtained from the government and from national and 
foreign organizations and industries. 

ECN's research results are published in a number of 
report series, each series serving a different public, 
from contractors to the international scientific world. 

This RX-series is used for publishing p.e-prints or 
reprints of articles that will be or have been published 
in a journal, or in conference or symposium proceed
ings. 

Please do not refer to this report but use the reference 
provided on the title page: 'Submitted for publication 
to ...' or 'Published in ...'. 

Het Energieonderzoek Centrum Nederland (ECN) is 
het centrale instituut voor onderzoek op energie
gebied in Nederland. ECM verricht fundamenteel en 
toegepast onderzoek op het gebied van kernenergie, 
fossiele-energiedragers, duurzame energie, beleids
studies, milieuaspecten van de energievoorziening en 
de ontwikkeling en toepassing van nieuwe materialen. 

Bij ECN zijn ruim 900 medewerkers werkzaam. De 
opdrachten worden verkregen van de overheid en van 
organisaties en industrieën uit binnen- en buitenland. 

De resultaten van het ECN -onderzoek worden neer
gelegd in diverse rapportenseri^s, bestemd voor ver
schillende doelgroepen, van opdrachtgevers tot de 
internationale wetenschappelijke wereld. 

Deze RX serie wordt gebruikt voor het uitbrengen van 
pre-prints of reprints van artikelen die in een tijdschrift 
of in proceedings van conferences of symposia (in 
definitieve vorm) zullen verschijnen of al zijn ver
schenen. 

Gelieve niet te refereren aan het rapportnummer, 
maar de verwijzing te gebruiken die hiernaast op de 
titelpagina figureert: 'Voor publikatie aangeboden 
aan ...'of 'Verschenen in ...'. 

Netherlands Energy Research Foundation ECN 
P.O. Box 1 
NL-1755ZG Petten 
the Netherlands 
Telephone :+312246 49 49 
Fax :+312246 44 80 

This report is available on remittance of Dfl. 35 to: 
ECN, General Services, 
Petten, the Netherlands 
Postbank account No. 3977703. 
Please quote the report number. 

Energieonderzoek Centrum Nederland 
Postbus l 
1755 ZG Petten 
Telefoon : (02246) 49 49 
Fax :(02246)44 80 

Dit rapport is te verkrijgen door het overmaken van 
f35,- - op girorekening 3977703 ten name van: 
ECN, Algemene Diensten 
te Petten 
onder vermelding van het rapportnummer. 

O Netherlands Energy Research Foundation ECN O Energieonderzoek Centrum Nederland 



VUGüST 1993 cv_n-i\j\*-j_»-\,.,v. 

ON-LINE SURVEILLANCE SYSTEM FOR 
BORSSELE NÜCLEAR POWER PLANT 

MONITORING AND DIAGNOSTICS 

E.TÜRKCAN 
Ö. CIFTCIOGLÜ 

TOgEJRESENTED AT THE PLEX'93 CONFERENCE 
"NÜCLEAR PLANT UFE MANAGEMENT AND EXTENSION CONTINUED OPERATION OF OLDER PLANTS", 

ZURICH, 29 NOVEMBER -1 DECEMBER 1993 



ON-LINE SURVEILLANCE SYSTEM FOR BORSSELE 
NUCLEAR POWER PLANT MONITORING AND DIAGNOSTICS 

E. Tiirkcan and Ö. Ciftcioglu 
Netherlands Energy Research Foundation ECN 
P.O.Box 1, 1755 ZG Petten, The Netherlands 

SUMMARY 

An operating on-line surveillance and diagnostic system for nuclear power plant monitoring 
is described where information processing for monitoring and fault diagnosis and plant 
maintenance are addressed. Examples obtained from an operating nuclear power plant using 
an on-line monitoring system are presented. The surveillance system by means of its realtime 
multiprocessing, multitasking execution capabilities can perform plant-wide and wide-range 
monitoring for enhanced plant safety and operational reliability as well as enhanced 
maintenance. At the same time the system provides the possibilities for goal-oriented research 
and development such as estimation, filtering, verification and validation and neural networks. 

INTRODUCTION 

Unexpected changes may take piace in physical process system's operation. The origin of 
these changes may be due to operating conditions as well as the component failures. 
Considering safe and cost effective operation of a plant, the changes causing degradation of 
the overall system performance are referred to as failures. It is important that failures '*.c to 
be promptly detected and identified so as to maintain the high level of performance. In this 
respect monitoring of a complex process system is an essential task for its safe and reliable 
operation. With the advent of new technologies, computer-based surveillance methodologies 
acquired new dimensions with the inclusion of artificial intelligence (AI) methodologies, like 
expert systems and neural networks. The important common feature of modem surveillance 
systems is the realtime on-line operation which is imperative for fast fault detection and 
diagnosis. In particular, by means of on-line implementation with advanced signal analysis 
techniques, the process system's safety and operational reliability is enhanced. A nuclear 
power plant (NPP) is one of the complex process systems where a number of system sub
components need to be monitored. 

The failures representing the failing physical components are dealt with by the engineering 
discipline which is known as maintenance technology. The failures both due to the physical 
components and due to operational condition changes are interrelated and therefore any fault 
detection and diagnosis activity would eventually be subject to maintenance considerations. 
Therefore, monitoring and fault diagnosis (surveillance) is important in operation not only for 
safe and reliable operation but also for the development of guidelines for enhanced 
maintenance leading to extended plant life. As the maintenance is a generic concept 
encompassing various maintenance strategies, in each case the real-time surveillance activities 
refer to predictive type of maintenance. In parallel with the developments in the computer 
technology the advanced methodologies are devised which offer outstanding effectiveness and 
efficiency where the methods fall into both time and frequency domains. 
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INFORMATION PROCESSING FOR SURVEILLANCE AND FAULT DIAGNOSIS 

The surveillance and fault diagnosis methodologies can broadly be grouped into several 
categories. Such as noise analysis and stochastic modelling, deterministic modelling, neural 
networks. The methodologies are implemented in real-time environment so that fault detection 
and the following diagnosis processes are performed before any significant failure develops. 
The outlines of the methodologies are presented below. 

Noise Analysis and Stochastic Modelling 

In a physical process the process variables fluctuate around their mean values. These 
fluctuations are called noise as they are stochastic (rrndom) in nature. The origin of the 
fluctuations is dependent on the type of process and the fluctuations themselves contain 
important information about the system. The extraction of this information from the signals 
requires special techniques and application of these techniques is collectively referred to as 
noise analysis. For noise analysis AC signals from the sensors are used where mean values 
of the process variables are removed. During the analysis it is assumed that statistical 
properties of the signal remain the same for normal operations. Any deviation from the 
expected quantities can be the indication of an incipient failure. Since a nuclear reactor is very 
rich of noise sources during operation, noise analysis takes an important place in NPP 
surveillance. Here, the methodologies can be broadly divided into two groups as frequency 
domain and time domain analyses. In these analyses process signals that is, signals from the 
sensors are processed by means of Fast Fourier transform (FFT) techniques in frequency 
domain and/or the signals are modelled by means of autoregressive (AR) or its multivariate 
form (MAR) or correlation techniques in time domain [1,2,3]. These techniques can easily be 
extended for system identification and they can be exploited efficiently (i.e., fast) and 
effectively for fault detection and diagnosis. As both time and frequency domain analyses 
yield the same system parameters estimation, these methods form diversity in estimations 
which is especially important in verification and validation (V&V) procedures [4,5]. Fault 
detection and diagnosis can effectively be carried out by advanced information processing 
techniques which are known to be pattern recognition methodologies. The typical process in 
pattern recognition follows the sequence of parameter estimation and ensuing feature selection 
where the feature selection process may use various statistical distance measures. Distance 
measures are basically the measures between the statistical models or between a model and 
observation and used for failure detection. 

Stochastic modelling takes into account the noise sources present as process noise and 
measurement noise in the system and/or signal modelling. For stochastic signal modelling 
autoregressive (AR) and its multivariate form (MAR) are frequently used. For the 
implenentation in real-time adaptive algorithms are used [6,7]. For stochastic system 
modelling use is made of state-space description of the system together with the sources in 
the reactor system which give driving and/or contributing signals in the form of noise. As a 
recursive estimator, Kalman filtering approach is an essential tool for model-based 
applications as the methodology is most suitable especially for real-time operations with its 
outstanding features as stability, optimality and applicability for slightly nonlinear systems 
[8,9] as well. Basically, in Kalman filtering a linear system is expressed in state-space form 
as a set of first-order linear differential equations to be solved simultaneously and recursively. 
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In the model, measurement error may include also the modelling errors so that accurate 
estimation of system parameters is achieved. Considering the state-space equations 
appropriately, a Kalman filter can be used as adaptive estimator for parameter or model 
estimation as well as a prediction filter where the difference between the measurement and 
the prediction is referred to as 'innovation sequence' or 'residuals'. 

The innovation sequence is statistically white and used in a number of failure detection 
methods for surveillance and diagnosis. Commonly, these methods use statistical hypothesis 
test procedures for the detection of the changes [10,11]. Among these methods mention can 
be made of sequential probability ratio test (SPRT), generalized maximum likelihood ratio 
(GLR), likelihood ratio (LR). These methods are referred to as failure detection and 
identification (FDI) as a generic name. Over the past decade a number of approaches to the 
problem of FDI in dynamical systems have been developed. All these analytical methods 
require that a dynamic model be given. The enhanced failure effect by initial processing of 
the sensory data is called signature of the failure. The residuals obtained by Kalman filtering 
in the absence of a failure is unbiased, showing agreement between observed and expected 
normal behaviour of the system; a failure signature typically imposes bias on the residuals 
indicating the nature of the failure which allows diagnosis together with fault detection. 

Although, the actual generation of residuals can vary in complexity, in real-time processes the 
algorithm must be adaptive in one form or another. Therefore, the application of Kalman 
algorithm as an adaptive filter should be favoured as the algorithm provides one with 
additional information about the behaviour of the system. This additional process can be used 
in various ways by information processing techniques such as pattern recognition and/or fault 
detection as redundant and diverse approaches. Pattern recognition techniques for fault 
detection generally use statistical distance yielding such as Mahalonobis distance for feature 
selection and classification [7,12]. 

Deterministic Modelling 

The deterministic modelling consists of simple models of plant components where the 
component models are coupled to each other by the balance equations involving measured 
process variables. The process variables such as power, mass flow, temperature, pressure and 
so on, determined by the model are compared with the measured values and deviations are 
registered as fault indication. If the deviations are outside specified limits alarm is issued. In 
a PWR power plant, reactor thermal-energy calculations are based on the feedwater flow 
measurements which are measured at the steam generator feedwater line after the high 
pressure pre-heaters. The decoupled mathematical models which calculate the state of the 
process assume no fault in the process. The behaviour of these models is then compared with 
the behaviour of the real process, and if there is a deviation, an alarm is tripped. The 
important feature of this approach is that it indicates directly the place in the process where 
the fault is situated. This is becaure there are many submodels which are decoupled. One 
submodel follows the behaviour of its corresponding subprocess, independent of the situation 
elsewhere in the plant. Such an approach is used lor the purpose of early failure detection as 
developed in the OECD Halden project [13,14]. 
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Neural Networks 

Neural network as an emerging technology has been investigated for signal validation, plant-
wide monitoring and sensor failure applications in power plants [15,16,17]. A neural network 
consists of a number of highly interconnected simple processing elements called peiceptrons 
which are organized into series of layers. A typical neural network has an input and an output 
layer together with optional intermediate layer(s). Thus this structure can be seen as a model 
of a system and determination of the model parameters becomes the main concern where the 
mathematical form of the model remains to be determined in particular for non-linear systems 
and a large number of parameters. The parameters of this model are determined by means of 
information obtained from the actual process system which can be a nuclear power plant. 
With this structure neural network represents a computational model of the plant where a a 
a physical model of die system is not considered. The signals from the sensors are applied 
to the network and the weights connecting the perceptrons and input/output nodes are 
determined by means of an adaptive algorithm. This process is called training which 
establishes the system dynamics reflected in the network structure. During operation this 
stored information is used for the transformation of the network input to perform estimations 
at the output. Explicitly, this process can be seen as a pattern recognition process rather than 
a simple model for input/output relations like in physical dynamic system models. 
Backpropagation (BP) perhaps is the most popular algorithm because of simplicity. When 
the neural network input is provided with some measurement information to form the 
difference between the neural network output and the measurement signal and the neural 
network structure is so determined that the difference is minimized, then this minimization 
process is called autoassociative learning. Such a network can be used for state estimation of 
the plant, simply providing the measurement signal at die input. Any significant deviation 
between the measured signals and the network's outputs indicate probable system and/or 
sensor failures. 

Neural network structure can be modified according to the information provided at its input, 
in a temporal base so as to train the network with changing process environment. This can 
be carried out in real-time [18]. The important feature is thai the network is trained adaptively 
in the sense of updated information rather then improved minimization. 

eural networks fina a number of applications in power plant surveillance and fault diagnosis 
where its potential applications include development of maintenance procedures and plant 
performance enhancement and optimized fuel management besides monitoring and fault 
diagnosis. 

Verification and Validation Issues 

In a power plant for the enhancement of safe and reliable operation, the presence of the 
signals which provide information about the system should be verified and the relevant quality 
of the sensor information should be validated [19]. This concerns both signal V&V and sensor 
V&V. This can be achieved by means of information processing using the initially processed 
data from the sensor. Verification and validation is one of the important issues on enhanced 
power plant operation [20]. Although V&V is a rather comprehensive concept, in simple 
terms, verification is to provide confidence in the resulting information processing subject to 
the recognition of the plant operation conditions. Validation is to provide evidence and/or 
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confidence in that the implemented techniques and methods are right to perform the intended 
function satisfactory. The reliability of the verification and validation methods is enhanced 
by the implementation of die concept of redundancy together with diversity in this process. 
As the monitoring basically serves for obtaining confidence in the integrity of the sensory 
information, the above mentioned diverse methods for monitoring and fault diagnosis are the 
essential tools for verification and validation. 

Some aspects of power plant verification and validation are addressed through maintenance 
procedures where the system as a whole has a required mean time between failures and/or 
minimum down time influence by its design for which evidence has to be gathered to 
demonstrate its reliability as a whole. In this respect monitoring and plant maintenance is 
described below. 

MONITORING AND PLANT MAINTENANCE 

Nuclear power plant availability is determined ultimately by the proper functioning of safety 
related systems and components. Therefore maintenance is an important issue in a power plant 
connected to plant's reliability and safety. The traditional maintenance methods proved to be 
rather costly and even not effectively addressing NPP requirements. This is because traditional 
methods are based essentially on time-directed maintenance and partly on condition-directed 
maintenance policies which are called planned maintenance and break-down maintenance, 
respectively. However, in NPP operation, maintenance issues are related to the 
environmentally determined lifetimes, as well as the operational conditions requiring fixed 
maintenance intervals with extension. Additionally, conventional maintenance programs do 
not adequately address new issues, like safety system inspections. 

The above described traditional methods are essentially preventive maintenance (PRM) 
activities and therefore the activities are component oriented. However, in the plant 
maintenance, system oriented maintenance rather then component oriented counterpart is 
important as the failures in plant operation might be due to system failures as well as physical 
component failures. System-oriented maintenance concerns monitoring and fault diagnosis 
activities which are commonly referred to as predictive maintenance (PDM) in the 
terminology of maintenance technology. The plant-wide monitoring and condition monitoring 
are essential components of the operator support system (OSS) in a plant for decision making. 

ON-LINE MONITORING SYSTEM AND APPLICATIONS 

The on-line monitoring and diagnostic system designed for Borssele nuclear power plant 
(Sicmens/KWU reactor, 477 MWe PWR, two-loops) in the Netherlands has been operating 
successfully since 1983 [21]. The locations of the data acquisition and monitoring & 
diagnostic systems are about 200 km apart. The system structure is schematically given in 
Fig.l. The signals from the plant sensors are introduced to a switchboard panel which can 
accept up to 90 sensory signals from various locations in the plant and forward them to a 
micrc computer based system which converts the sensor data suitable for transmission by 
telephone communication. The instrumental settings in the reactor site for sensors are 
performed by remote handling through the main frame computer VAX-4200 equipped with 
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an array processor FPS-5105. An ethernet bus provides the communication between the main 
processor and the peripherals. 

In the monitoring of the power plant a certain period of the latest incoming data sequence is 
logged for emergency use with the first-in last-out principle which provides the "circular-file" 
structure. In the circular file real-time data resides as both time and frequency domain 
information. This information is accessible to the users connected to the ethernet as the data 
occupy a common block in the dynamic memory. The signal analysis system is designed in 
the form of multilevel mode operation as follows. In the first level the plant status is 
monitored by DC and AC ( DC removed) signal information provided through a given 
number of selected channels (32 max). In the second level the plant operational status is 
identified using the dynamic model of the plant and the results of the on-line multivariate 
time and frequency domain analysis are reported. In the third level, the results obtained in the 
preceding signal analysis are stored to form a daia base for future reference and use in the 
further analyses of interest such as pattern recognition, signal and/or system modelling. In the 
fourth level, the plant's operational status is verified by means of special techniques such as 
neural networks using the information (spectral, parametric or both) gained from the initially 
processed data, in the previous step?. 

A possible extension of the system can be achieved by means of the modem connection to 
the local ethernet buses so that the monitoring system can benefit from the plant site 
mainframe computer receiving extended information as seen in Fig. 1. 

Experimental results obtained from the frequency domain analysis using ex-core (two signals), 
primary pressure and axial pump vibration signals for both loops are illustrated in Fig. 2. For 
monitoring and failure detection peaks in the spectra are continuously observed to identify the 
changes in the spectra. The spectra are rich of information and they are used for sensor 
monitoring, signal/sensor validation, sensor time constant determination and the global plant 
performance assessment [21]. 

General classification of maintenance activities are represented in Fig. 3. The maintenance 
activities can be seen in three main categories as preventive, predictive and corrective 
maintenance. For monitoring and fault diagnostics the predictive maintenance is the essential 
concern for the extended and uninterrupted plant operation. 

The monitoring and fault diagnosis system plays the essential role as an operator support 
system (OSS), to assist the human operator for decision making. An operator decision-making 
model in a plant operation is shown in Fig. 4. It indicates the functional structure related to 
the role of operator. Although the computer based monitoring system in a plant can perform 
the monitoring tasks automatically, human intervention in that scheme can take place in any 
stage. Here, the process is performed continuously along the mainstream monitoring indicated 
by arrows. In order to describe the model, one can start from the point where execution of 
some actions are required and this is followed by the action monitoring for verification. If the 
action is not complete, either with the immediate action feedback or with some detailed 
considerations as select/formulate, the further actions are determined. If the mission is 
complete, action monitoring is followed by parameter monitoring for the evaluation of the 
plant's state. According to the results from the parameter monitoring several tasks are 
performed such as tuning control for the preceding executed actions and various information 
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processing tasks referred to as 'function monitoring' during the operation. The effectiveness 
of the executed tasks are evaluated by goal achievement process which is followed by goal 
coordination and allocation for updated/improved monitoring. If unexpected results are 
obtained during operation, rule/knowledge-based artificial intelligence methodologies are 
applied for the goal coordination and allocation. 

Sensor failure detection applied for sensor monitoring is illustrated in Fig. 5 where Kalman 
filtering methodology is used with functional and sensor redundancies. The number of Kalman 
filters needed is equal to the number of system states in the dynamic model developed. Lach 
filter receives measured signals. However, each filter is made insensitive for one of the 
particular signals and this signal is estimated by that desensitized (oblivious) filter using other 
measured signals by the help of the system model. Hence, any inconsistency between the one 
of the redundant sensors and its estimated counterpart (analytical redundancy) is identified to 
be a sensor failure. This approach is used in research for Borssele steam generator's 
waterlevel, steam pressure, feedwater flow, steam flow, sensors in Borssele NPP [8] and the 
effectiveness of the method is demonstrated. It is noteworthy to mention that the approach, 
at the same time, performs validation for the steam generator model. 

The monitoring based on parameter estimation and following statistical measure of 
Mahalonobis distance is given in Fig. 6. In this approach realtime data from the sensor is 
modelled with AR techniques the special form of which is called lattice filtering {7,22]. Filter 
parameters are estimated recursively by Kalman filtering in adaptive form and afterwards a 
statistical distance measure (Mahalonobis) is formed. By means of this information, a 
statistical test (x2test) is applied for classification. The decision-making for failure is based 
on the sequential decision-reliability concept treating the statistical distance measure with 
predetermined confidence level as a detection processor whose failure-rate parameter for 
reliability assessment is determined by false-alarm and alarm-failure probabilities. This 
approach is used for the steamflow loop 1 and loop 2 signals of Borssele nuclear power plant 
and the detailed description is reported elsewhere [12]. 

In addition to the above described failure detection applications in a power plant, also the 
implementation of neural networks is carried out. The network structure used and the plant 
signals considered for monitoring are shown in Fig. 7 together with the schematic 
representation of the plant and the indicated sensor locations. The neural network has 12 
input/output nodes and one intermediate (hidden) layer with eight nodes. For training, the 
standard backpropagation algorithm is used. The results obtained from the monitored 
steamflow and generated electric power signals are shown in Fig. 8 where the information 
used at the input for training and estimations are clearly indicated. Particularly, the starting 
time for the monitoring of the signals is taken as the time reference and the training period 
up to this point is shown with heavy lines. Within this peric d the relevant deviations represent 
both the model and the measurement errors. The estimations are seen from the time reference 
point onwards where the deviations indicate the estimation error. Here, it is to observe that 
the estimation errors are of the same order as the measurement (plus the model) errors during 
training. However, at certain instances some marked deviations are observed indicating the 
sensitivity of neural networks for identifying even the special operational changes which 
cannot be sensed with the conventional instrumentation. Therefore, neural networks have very 
strong merits for potential applications for failure detection and fault diagnosis. The effects 
of this special operation on both signals are consistent as the deviations indicate. However, 
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the effects are out-of phase. In particular, this operation is for maintenance and it is referred 
to as 'rinsing', applied to the steam generators. Also the effect is more emphasized on the 
steamflow signal relative to the generated electric power signal. These observations may have 
important implications to gain insight into the system operation by this approach. Therefore 
they deserve further considerations. 

CONCLUDING REMARKS 

The primary goal of the monitoring is to maintain a state of readiness for changes in the 
status of the plant. This is a challenging task since it requires continuous supervision of the 
data and the information obtained. The present surveillance system has a rather suitable 
structure for the implementation of different methods and techniques. Generally, this is an 
important asset for monitoring systems since they can make use of different merits presented 
by means of different approaches. 

The present system has extensive capabilities for comprehensive monitoring of a power plant. 
It has the capacity of multilevel monitoring as well as multitasking and it provides the users 
with a distributed computer system environment due to its ethernet facility. The monitoring 
system philosophy is so oriented that the emerging technologies and modem techniques are 
easily applicable. The integration of the neural network technology to the system without 
effecting the existing implementations is a salient indication of the modular and multilevel 
structure of the monitoring system. As the surveillance process is an important information 
source for the predictive maintenance procedures which are especially important for nuclear 
power plants, investments made for the improvements of monitoring systems benefits the 
maintenance efforts. The resulting effect being twofold; namely, direct reduction in 
maintenance costs and plant life extension, at the same time. 
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Fig. 1 . Realtime cuclear power plant monitoring (Borssele) system overview 
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