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ABSTRACT

The purpose of this paper is to demonstrate a nuclear power plant monitoring system using
artificial neural network (ANN). The major advantages of the monitoring system are that a
multi-output process system can be modelled using measurement information without establishing
any mathematical expressions. The dynamics model of reactor plant was constructed by using
three layered auto-associative neural network with backpropagation learning algorithm. The
basic idea of anomaly detection method is to monitor the deviation between process signals
measured from actual plant and corresponding output signals from the ANN plant model. The
simulator used is a self contained system designed for training. Four kinds of simulated malfunction
caused by equipment failure during steady state operation were used to evaluate the capability
of the neural network monitoring system. The results showed that this monitoring system detected
the symptom of small anomaly earlier than the prevailing alarm system.

1. INTRODUCTION

The condition monitoring in a nuclear reactor is of major concern during operation. This is
primarily because of the operational safety which is directly related to the operation and
maintenance cost. The usual monitoring method is to set the fault threshold level for each plant
parameter and to alert when the monitored signal exceeds its threshold level. However, when
anomalies are detected, they are possibly too developed to cope with. Therefore, it is necessary to
develop model-based monitoring methods to detect symptoms of anomaly.

For a complex and non-linear system, like a nuclear power plant, system modeling is a formidable
task if many reasonable approximations and simplifications are not tolerated. Nowadays there
are a number of computer codes based on physical and mathematical models for nuclear power
plant monitoring, but they don't have sufficient capability to diagnose plant conditions over wide
power range, including transient operation, and to work in real time. In this respect the use of
artificial neural network (ANN) has a great benefit to the power plant monitoring, apart from
other numerous application areas[ 1,2].

We developed an ANN on-line plant wide monitoring system for Borssele NPP in the
Netherlands[3,4]. The present work is an attempt to evaluate the usefulness of the monitoring
system by using an on-line plant simulator, in order to simulate many kinds of abnormal operation.

2. HARDWARE CONSTRUCTION

2.1 Data flow in the Monitoring System

The simulator is connected to an on-line data acquisition system in PC. The analog output
signals are digitized in PC, and sent to WS in real time by local area network (LAN). The neural
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network and real-time expert system for plant monitoring are programmed in WS[5,6). The
construction of the monitoring system is shown in Fig. 2.1.

2.2 PWR Plant Simulator

The simulator is a self contained system designed to train power plant personnel in the
general principles of a typical pressurized water reactor (PWR) plant. It is composed of a control
desk containing a process mimic display panel and a control panel, an instructor console, control
console and a general purpose digital computer. Totally 88 analog signals of plant parameter are
picked out from the mimic panel and the eight channel pen recorder.

The simulator is manufactured on the basis of an existing 822 MWe power plant, Surry-1, USA.
There are three primary coolant loops with three typical U-tube steam generators (SGs). We can
take into consideration in 15 different plant initial states covering from cold shutdown to full
power, and 49 malfunctions of major system including failure of pumps, valve, controllers, pipes,
etc.

Figure 2.2 shows the simplified schematic representation of Surry-1 NPP and selected process
signals for plant monitoring. The process signals are selected from loops B and C, only where the
triggers of malfunctions are limited.

3. NEURAL NETWORK MODEL

3.1 Multi-layer Feedforward Neural Network

In the multilayer feedforward network, all neural signals propagate in the forward direction
through each network layer from the input to output layer, and no lateral, self and backward
propagation is allowed. Given a set of inputs, the output of the neuron is computed in a forward
path which computes in turn the activity levels of neurons in each layer using the already
computed activity levels in the preceding layers. Here the sigmoidal logistic function representing
continuous and nonlinear activation is selected as the activation function.

3.2 Back Propagation Algorithm for Training

Training of the networks is now performed using the error back propagation scheme which
evolves a set of weights to produce a mapping from the input to the output171. This training
procedure involves the presentation of a set of the input and output patterns to the network. The
network first uses the input values to compute its own output values, and then compares the
computed outputs values with the desired ones. If there is no error between them, no change
takes place. Otherwise the weights of connections are changed to reduce the error using the
following equations.

Here Wy{ ' is the weight for the signal from the neuron i in the (k-l)th layer to the neuron j in
the k-th layer; t indexes the presentation number of learning cycle.

AWy1 * (t) = t\b] x Of'1 + a- A\vfj1<k (t-1) (2)

where 5^ is an error signal; Okl, is the output of neuron i in the (k-l)th layer; T| is the learning
rate; a is a constant which determines the effect of past weight change. The third part of
equation (2), called momentum term, is often useful to escape from local minimum and offer the
rapid learning. In this application, r\ and a become smaller from 1.2 till 0.1 in stages during
learning.
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3.3 Network Structure

For neural network utilization 12 plant signals are picked out as shown in Fig. 2.2: they are
ex-core neutron flux (EX-CORE), generated electric power (GEP), hot-leg temperature in primary
loop-B (HLTL2) and loop-C (HLTL3), primary water flow (PWF), feedwater pressure (FWP) and
steam pressure (SG2SP and SG3SP), steam flow (SG2SF and SG3SF) and feedwater flow
(SG2FWF and SG3FWF) of secondary loop-B and loop-C. These signals are most significant and
selected with reference to the monitoring system for Borssele NPP. It is important to note that
hot-leg temperature is used as temperature information of primary system, because cold-leg
temperature is almost stable from 20 % to 100 % power. A feedforward neural network has been
trained in auto-associative mode with plant's operational data in wide-range.

The neural network has three layers, an input layer, one hidden layer and an output layer as
shown in Fig. 3.1. The three layers are composed of 12 input nodes, 8 hidden nodes and 12
output nodes, respectively. Output signals are the same as input signals. Here all input nodes
are fully connected to all hidden nodes. Likewise all hidden nodes are also fully connected with
output nodes. This neural network is programmed in FORTRAN and connected to real-time
expert system on WS, Sparc20.

The initial values of weights are randomly selected to characterize each neuron of the hidden
layer. All input data are normalized so as to be in the range from -0.5 to 0.5, and output data are
normalized from 0.1 to 0.9.

The learning data are obtained from three different power level at the beginning of fuel period.
One hundred serial points data sampled every 1 s at 20, 50 and 100 % power are respectively
picked out. The total number of patterns for the learning is 300. The neural network iterates
1000 times per each pattern. The patterns are given randomly within each learning cycle. It
takes less than one minute on Sparc20.

After initial learning, the fault severity levels (er) for the deviation between measured and
estimated signal is empirically defined as

ef=1.25emu U ^ i S e . , )
e ^ l . 2 5 ^ ( e B t t < e i d ) . (3)

Here maximum error eBU is defined as the largest deviation during initial learning, and e,d is
twice of standard deviation at stationary full power normal operation. In the present case, e(dof
Primary Water Flow, and Steam Pressure in loop B and C are larger than its maximum error.
Table 3.1 summarizes fault severity levels of each signals.

3.4 Sensitivity Analysis by ANN

On whole, since the inner construction of the network is not clear, it must be used only as
black box. Here we try to understand the construction of the neural network and evaluate the
network modelling by sensitivity analysis. The sensitivity is defined as a change of the output
over the corresponding change at the input. The neural network can model the outputs with
inputs by learning.

The input vector is x and output vector is y.

y=flx)
y j = •j\Xj,x2,...,X|j

Here fix) is the function modeled by neural network; 1 is the number of input nodes and n is the
number of output nodes. The sensitivity of output yi over the change at the input x, is calculated
as
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(4)

Axj Ax\

where Ax is a small perturbation added to the input. The contribution of the input \ to the
output yj is defined as

xlOO (%). (5)

The sensitivity analysis using one hundred points of only for 100 % power data in learning
patterns were shown in Fig. 3.2. Here 5 % perturbation is added to each input The result for 10
% perturbation is almost same as previous analysis. Furthermore, the results of sensitivity
analysis with 20 % or 50 % power data are also similar. From these results, the calculated
cumulation of sensitivity in Fig. 3.2 is accurately calculated.

Input signals of Ex-core, Feedwater Pressure and Feedwater Flow in loop B and C influence all
output signals in general. On the other hand, the contributions of itself signal are around 15 %,
and those are not so large except channel 3 (Primary Water Flow; PWF). The self contribution of
PWF is more than 50 %, furthermore the cumulation to other signals is small. It can be said that
PWF signal is not satisfactorily modeled by neural network, because PWF signal is always stable
from 20 % to 100 % power range. However such kind of signals can be sufficiently monitored with
simple fault severity level as prevailing method. This sensitivity analysis is consequently effective
to evaluate the modeling by neural network.

4. MONITORING TESTS

Using the simulator, four kinds of malfunctions caused by equipment failure during steady
state operation were simulated here. These abnormal conditions are loss of reactor coolant
system flow, feedwater system failure, leakage of atmospheric steam dump valve and detector
failure of volume control tank level. During operating condition at full power, all malfunctions
were added after 9 s. The data obtained from the abnormal conditions were used to evaluate the
capability of the neural network monitoring system.

The results of three malfunction cases are shown in Figures 4.1-4.3. The solid line in the figures
indicates the measured signals from the simulator. The dotted line represents the estimated
values by neural network. The diamonds indicate the deviation between measured signals and
estimated values. Two horizontal broken lines show the fault severity levels for monitoring. This
level is defined by initial learning as mentioned in forgoing chapter. When the deviation is in the
range between two horizontal lines during monitoring, the plant condition should be considered
normal. If the deviation exceeds the limit, the monitoring system alerts anomalies. Table 4.1
summarizes the comparison of anomaly detection time by neural network monitoring system and
the prevailing alarm system.

4.1 Partial Loss of Feedwater

This malfunction is tube failure in the first point heater, where the highest pressure point
in secondary loop is given. Partial loss of feedwater causes a decrease of feedwater flow rate and
pressure. Reactor control system perceives decreasing of feedwater, and the feedwater control
valve is opened fully to increase feedwater from other loops. However, the level of steam generator
is slowly decreasing. Because the leak is small in this case, no alarm was sounded in ten
minutes after the malfunction started.

On the other hand, the monitoring system found this anomaly at 2 s after the malfunction
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started, with the deviation of feed water pressure exceeding the fault severity level owing to rapid
decrease of feedwater pressure and flow rate, as shown in Fig. 4.1. Feedwater flow of B and C
loops indicated anomaly after 3 s.

4.2 Leakage of Atmospheric Steam Dump Valve

During full power operation, atmospheric steam dump valve seat leakage of 100 % valve
capacity occurred. The steam leakage from atmospheric steam dump valve caused rapid decrease
of steam flow and pressure. Furthermore those simultaneously induced the average steam
temperature decrease and the power decrease. To supplement the loss of power, the control rod
was driven out by control system. However, because of over reactor power by rod withdrawing,
"rod stop" alarm was given 30 s after malfunction started. The monitoring system detected
anomaly of all signals without primary water flow at 4 s after malfunction, as shown in Fig. 4.2.

4.3 Partial Loss of Reactor Coolant System Flow

Reactor coolant pump C shaft locked during full power operation. Partial loss of flow (C
loop) was due to loss of Impeller. Reactor coolant system flow in C loop dropped rapidly in 2 s,
Reactor tripped at 92 % primary water flow after 2 s. While eight other alarm were also sounded
in 5 s, neural network monitoring system found this anomaly in 4 s. This malfunction is much
more severe than previous two cases, and there was no obvious difference between the neural
network monitoring and the prevailing alarm system.

4.4 Volume Control Tank (VCT) Level Control Fails Low

During full power operation, VCT level fails zero scale with alarm. Because of level controller
failure, the VCT outlet valve shut and the charging water from Refueling Water Storage Tank
(RWST) was supplied to the reactor coolant Borated water from RWST causes average temperature
to decrease, so that control rods stepped out to increase average temperature. Eventually, rod
withdraw limit alarm was given after 720 s.

Because the plant condition continued to be normal at the beginning of malfunction, it takes 24 s
for the neural network monitoring system to detect this plant anomaly. As Fig. 4.3 indicates, the
monitoring system found an anomaly of ex-core neutron flux at 24 s because of neutron flux
decreasing by boron injection. After 100 s, the deviation of hot-leg temperature at loop B and C
also exceeded the fault severity levels because of temperature decreasing. From this result, it
might be said that the combination of neural network monitoring system and prevailing alarm
can easily diagnose such kind of sensor errors.

5. CONCLUSIONS

The study demonstrates that the monitoring system with the neural network successfully
detects a various kinds of anomalies in the early stage of malfunctions by using PWR plant
simulator. The use of the ANN promises to be an effective way of developing a powerful monitoring
system, and may ensure the safety of the commercial nuclear power plants.

In the next step, integration to an expert system will be required to realize the desirable coordination
of human-machine interface. In addition, we have to accumulate deviation patterns of anomaly
condition for the database of expert system. Final goal is to detect all kinds of anomalies in early
stage, and in real-time.
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Table 3.1 Fault Severity Level

Ch
No.

1

2

3

4

5

6

7

8

9

10

11

12

Plant Signal (Unit)

EX-CORE (%)

FWP (kgf/cm*)

PWF(xl03 ton/hr)

HLTL2 (*C)

HLTL3 (*C)

SG2FWF (ton/hr)

SG3FWF (ton/hr)

SG2SP (kgf/cm*)

SG3SP (kgf/cm2)

SG2SF (ton/hr)

SG3SF (ton/hr)

GEP(MW](

Max. Error

0.567

0.4984

0.0084

0.2782

0.2887

50.558

51.773

0.1213

0.1166

9.518

10.470

8.880

S.D. x 2

(Esd)

0.158

0.1140

0.1224

0.1498

0.1406

5.828

5.707

0.1443

0.1503

1.324

1.692

4.076

Fault Severity Level

(£f)

0.709

0.6230

0.1530

0.3477

0.3609

63.198

64.717

0.1803

0.1879

11.898

13.088

11.101
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Table 4.1 Comparison of Anomaly Detection Time

Malfunction

Partial Loss of Feedwater Flow

Leakage of Atmospheric Steam
Dump Valve

Partial Loss of Reactor Coolant
System Flow

VCT Level Control Fails Low

Prevailing Alarm System

NO ALARM

30 sec: ROD STOP

2-5 sec: REACTOR TRIP, etc

0 sec: VCT LEVEL LOW
720 sec: ROD WITHDRAW LIMIT

Neural Network Monitoring System

2 sec: Feedwater Press. Error
3 sec: Feedwater Flow(B) Error
3 sec: Feedwater Flow(C) Error

4 sec: All signal Error without Primary
Water Flow

1 sec: Primary Water Flow Error
4 sec: Electric Power Error
5 sec: All signal Error

24 sec: Ex-core Neutron Error
102 sec: Hot-leg Temp.(B) Error
103 sec: Hot-leg Temp.(C) Error

PWR Plant

Digital
Signal

Telephone
Line

WS
^- • On-line NPP Monitoring System • -—

On-line
Data Transfer
System

T l . J NEURAL NETWORK
(Telephone | M o d e |

On-line PWR
Simulator

Mimic Panel

Analog
Signal ^

PC

A
D
C

* mien

Data
Transfer
System

REAL-TIME
EXPERT

SYSTEM

Early Fault Detection
iagnostics

Fig. 2.1 Monitoring System Construction
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FWP

EX-CORE: ex-core neutron flux
FWP : feedwater pressure
PWF : primary water flow
HLTL2 : hot-leg temp, in primary loop-B
HLTL3 : hot-leg temp, in primary loop-C
SG2FWF : feedwater flow of secondary loop-B
SG3FWF : feedwater flow of secondary loop-C
SG2SP : steam pressure of secondary loop-B
SG3SP : steam pressure of secondary loop-B
SG2SF : steam flow of secondary loop-B
SG3SF : steam flow of secondary loop-C
GEP : generated electric power

coolant
pump B

1 PWF

Fig. 2.2 Schematic Representation ofPWR Plant Simulator

hput layer (12)

( L > Hidden Layer (8)
EX-CORE ~

Output Layer (12)
(N-L)

EX-CORE

FigJ.l Auto-associative Neural Network Model
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Fig. 3.2 Contribution of Measured Signals to Estimated ANN Output Channel
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