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a b s t r a c t

Recently, human errors have very rarely occurred during power generation at nuclear power plants. For
this reason, many countries are conducting research on smart support systems of nuclear power plants.
Smart support systems can help with operator decisions in severe accident occurrences. In this study, a
smart support systemwas developed by integrating accident prediction functions from previous research
and enhancing their prediction capability. Through this system, operators can predict accident scenarios,
accident locations, and accident information in advance. In addition, it is possible to decide on the
integrity of instruments and predict the life of instruments. The data were obtained using Modular
Accident Analysis Program code to simulate severe accident scenarios for the Optimized Power Reactor
1000. The prediction of the accident scenario, accident location, and accident information was conducted
using artificial intelligence methods.
© 2018 Korean Nuclear Society, Published by Elsevier Korea LLC. This is an open access article under the

CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).

1. Introduction

Nuclear power plants (NPPs) are designed in consideration of
design basis accidents (DBAs). However, if the emergency core
cooling system is notworking properly in a loss-of-coolant accident
(LOCA) situation, it can induce a severe accident that exceeds a DBA
[1]. For example, the Fukushima accident was caused by a natural
disaster exceeding the DBAs. The personnel of the Fukushima plant
did not know the detailed situation inside the NPPs, leading to a
severe accident. Therefore, accident diagnosis and prediction
techniques are essential for understanding the progress of severe
accidents.

After the Three Mile Island accident in 1979 and the Chernobyl
accident in 1986, safety problems at NPPs have emerged as a global
concern [1]. These accidents indicated that human error is the
major contributor to accidents at NPPs [2]. For this reason, many
countries are conducting research on safety problems and operator
support systems at NPPs.

The early diagnosis of transients is an emerging issue in the
operation of NPPs [3]. During transients in NPPs, operators analyze
the trends of several parameters indicated using measuring in-
struments in the main control room [4]. Many alarms from many

different systems often occur at the same time during transients in
NPPs [4,5]. Therefore, it is difficult for operators to quickly recog-
nize transient scenarios because there are somuch information and
warnings coming in all at once. If a transient occurs, operators can
make wrong decisions and take improper actions, thereby leading
to serious accidents [4]. Human error is one factor that can cause
severe accidents in NPPs. This study focused on constructing a
smart support system to resolve the current problem.

Recently, interest in the fourth industrial revolution has been
increasing worldwide, and artificial intelligence (AI) has been
applied to various research fields. Owing to data training, AI
methods have very low prediction error, and the reliability of
prediction data is very high. Some NPPs have instituted the use of
computerized tools for operator support in severe accidents [5].

In this study, a smart support system was developed to predict
severe accidents. The prediction of accident scenarios, accident
locations, and accident information is conducted using AI meth-
odology. It is expected that the smart support system can
contribute to improving the safety of the NPP by predicting the
accident scenario and various important parameters.

2. Modular Accident Analysis Program code modeling

The Modular Accident Analysis Program (MAAP) code simula-
tion of the smart support system assumes that critical safety
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systems are not working properly in severe accident situations.
That is, in accident simulations such as a hot-leg LOCA, cold-leg
LOCA, steam generator tube rupture, main steam line break, and
feed water line break, it is assumed that the high-pressure safety
injection (HPSI), low-pressure safety injection, containment spray
system, and auxiliary feedwater system are not working properly.
The station blackout simulation assumes that A/C power and mo-
tor-driven pumps are not working. The total loss of feed water
simulation assumes that auxiliary feedwater system and main
feedwater pump are not working properly.

Table 1 shows the MAAP simulation initial conditions. Table 2
shows MAAP code parameters used for the smart support system
diagnosis modules. Fig. 1 shows the start screen of the MAAP
simulation and communication programs. “AAKR-SPRT” in Fig. 1
indicates the modeling of instrument failure used to determine
the integrity of the instruments. The MAAP simulations are per-
formed to simulate NPP operations and to acquire necessary data
from them. The MAAP code provides various data for diagnosis and
prediction.

3. Smart support system

The smart support system consists of seven modules as sub-
systems [6]. Fig. 2 shows the configuration of the smart support
system. The data were obtained by using the MAAP code to simu-
late severe accident scenarios for the Optimized Power Reactor
1000 (OPR1000). Important information was predicted and
analyzed using the MATLAB and Python programs.

3.1. Overview

The overviews consist of seven modules: transient state iden-
tificationmodule, estimationmodule of LOCA break size, prediction
module of containment vessel (CV) hydrogen, prediction module of
reactor vessel (RV) water level, prediction module of golden time,
diagnosis module of instrument failure, and assessment module of
CV environment. The overview screen of the smart support system
is shown in Fig. 3. The overview shows information on RV, steam
generator (S/G), CV environment, auxiliary feedwater pumps, and
core exit temperature.

3.2. Transient state identification module

In this module, the basis scenarios are classified by seven initi-
ating events, calculated for an OPR1000 plant: hot-leg LOCA, cold-
leg LOCA, steam generator tube rupture, station blackout, main
steam line break, feed water line break, and total loss of feed water.
These seven initial events are expected to contribute to high core
damage frequency.

We used three support vector classification (SVC) modules for
the seven initial event categories [6]. An SVC model is used as a
classifier to classify the data of nonlinear form. This puts the de-
cision principle to classify a data vector ðx1; y1Þ;…; ðxN;yNÞ; x2Rm

into a binary form such as y2f� 1; þ 1g[6]. Fig. 4 shows the ac-
cident identification method using the trained SVC model. The
seven events in NPPs are classified using the three SVC modules.
The SVC model is trained to classify the transients as shown in
Table 3 [6]. The transients can be easily identified through the color
changes in Fig. 18.

3.3. Estimation module of LOCA break size

The estimation module of LOCA break size consists of hundreds
of accident simulation scenarios according to the LOCA break sizes.
In the case of a large break (LB) LOCA, the break location can be
detected easily because of the noticeable change in the reactor
coolant system pressure indicated by the measuring instrument.
However, in the case of a small break LOCA, it is difficult to accu-
rately detect the break location because of the small change in the
pressure indicated by the measuring instrument. In the case of a
small break LOCA, the complete loss of HPSI is classified as a type of
accident with a high probability of occurrence [7]. We used a
cascaded support vector regression (CSVR) model to predict the
LOCA break size. The CSVR has a powerful learning capability and is
used for diagnosis and classification problems.

Fig. 5 shows the architecture of the CSVR model. The estimated
LOCA break size can be easily identified through the accident
diagnosis overview display shown in Fig. 18. The target and

Table 1
MAAP simulation initial conditions.

Initial condition HPSI LPSI AFW CSS A/C power MFW

Hot-leg LOCA N/A N/A N/A N/A d d

Cold-leg LOCA N/A N/A N/A N/A d d

SGTR N/A N/A N/A N/A d d

MSLB N/A N/A N/A N/A d d

FWLB N/A N/A N/A N/A d d

SBO d d d d N/A d

TLOFW d d N/A d d N/A

AFW, auxiliary feedwater; CSS, containment spray system; FWLB, feed water line
break; HPSI, high-pressure safety injection; LPSI, low-pressure safety injection;
LOCA, loss-of-coolant accident; MAAP, Modular Accident Analysis Program; MFW,
main feedwater; MSLB, main steam line break; SBO, station blackout; SGTR, steam
generator tube rupture; TLOFW, total loss of feed water.

Table 2
MAAP code parameters.

No. Parameter name

1 Pressure in the cavity
2 Temperature of gas in the cavity
3 Initial temperature of water in the containment node
4 Mass of water in the containment sump node
5 Core exit temperature
6 Pressure in the pressurizer
7 Boiled-up water level from the bottom of the reactor vessel
… …

65 Collapsed water level in the primary system
66 Water level in the refueling water storage tank

MAAP, Modular Accident Analysis Program.

Fig. 1. Start screen of the MAAP simulation and communication programs.
MAAP, Modular Accident Analysis Program.
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estimated break sizes for three LOCA locations are shown in Fig. 7.
The results show that the CSVR model can estimate the break sizes
accurately [7].

3.4. Prediction module of hydrogen concentration in NPP
containment

The prediction module of hydrogen concentration in NPP
containment was developed for severe accidents. We used a
cascaded fuzzy neural network (CFNN) model for prediction of
hydrogen concentration in NPP containment.

Fig. 6 shows the architecture of the CFNNmodel. Using the inputs
of the predicted LOCA break size, the CFNN model predicts the
hydrogen concentration according to the elapsed time after reactor
shutdown. The root mean square (RMS) error of the development
data and test data are shown in Figs. 8 and 9 [8]. Using thismodule, if
the NPP operators can predict the hydrogen concentration in the

Fig. 2. Configuration of the smart support system.
CV, containment vessel; LOCA, loss-of-coolant accident; MAAP, Modular Accident Analysis Program; RV, reactor vessel.

Fig. 3. Overview screen of the smart support system.
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Fig. 4. Accident identification method using the trained SVC model.
FWLB, feed water line break; LOCA, loss-of-coolant accident; MSLB, main steam line
break; SBO, station blackout; SGTR, steam generator tube rupture; SVC, support vector
classification; TLOFW, total loss of feed water.
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containment under severe accident conditions, the integrity of NPPs
will be effectively maintained, and explosions can be prevented [8].

3.5. Prediction module of RV water level

The prediction module of RV water level was developed for
severe accidents. Using the inputs of the predicted LOCA break size
and containment pressure, the CFNNmodel predicts the nuclear RV
water level according to the elapsed time after reactor shutdown
[9]. The RMS error of the development data and test data are shown
in Figs. 10 and 11.

Table 3
Identification of the transients using the SVC model.

SVC model Hot-leg LOCA Cold-leg LOCA SGTR SBO TLOFW MSLB FWLB Not known

SVC1 1 1 1 1 �1 �1 �1 �1
SVC2 1 1 �1 �1 1 1 �1 �1
SVC3 1 �1 1 �1 1 �1 1 �1

FWLB, feed water line break; LOCA, loss-of-coolant accident; MSLB, main steam line break; SBO, station blackout; SGTR, steam generator tube rupture; SVC, support vector
classification; TLOFW, total loss of feed water.
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Fig. 5. Architecture of the CSVR model [7].
CSVR, cascaded support vector system; SVR, support vector system.

Fig. 6. Cascaded fuzzy neural network (CFNN).
FNN, fuzzy neural network.

Fig. 7. Target break sizes and estimated break sizes (hot-leg LOCA).
LOCA, loss-of-coolant accident.
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Fig. 8. Prediction performance of hydrogen concentration (development data, small
hot-leg LOCA).
CFNN, cascaded fuzzy neural network; LOCA, loss-of-coolant accident.
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Fig. 9. Prediction performance of hydrogen concentration (test data, small hot-leg
LOCA).
CFNN, cascaded fuzzy neural network; LOCA, loss-of-coolant accident.
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3.6. Prediction module of golden time

To prevent core uncovery and RV failure, a prediction module of
golden time was developed to predict the golden time for recovery
of safety injection system (SIS) under a severe accident. The golden
time is defined as the time for SIS recovery to prevent reactor core
uncovery and RV failure when SIS does not operate normally [1].
Even if the SIS is not normally operated in the event of a LOCA, if it is
recovered during the golden time, it may be possible to prevent
core uncovery and RV failure. Figs. 12 and 13 show the golden time
prediction results for the HPSI system for hot-leg LOCA [1].

3.7. Diagnosis module of instrument failure

The diagnosis module of instrument failure was developed to
predict the integrity of instruments in severe accidents. The auto-
associative kernel regression (AAKR) and sequential probability
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Fig. 11. Prediction performance of RV water level (test data, small hot-leg LOCA).
CFNN, cascaded fuzzy neural network; LOCA, loss-of-coolant accident; RV, reactor
vessel.
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Fig. 12. Golden time prediction of hot-leg (HPSI delay, core uncovery).
HPSI, high-pressure safety injection; MAAP, Modular Accident Analysis Program; SVR,
support vector regression.
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Fig. 10. Prediction performance of RV water level (development data, small hot-leg
LOCA).
CFNN, cascaded fuzzy neural network; LOCA, loss-of-coolant accident; RV, reactor
vessel.
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Fig. 13. Golden time prediction of hot-leg (HPSI delay, RV failure).
HPSI, high-pressure safety injection; MAAP, Modular Accident Analysis Program; RV,
reactor vessel; SVR, support vector regression.
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ratio test (SPRT) were used to diagnose the integrity of measure-
ment signals under accidental conditions. The methods of esti-
mating the signal using the AAKR model are divided into methods
of using all signals and methods of grouping signals [10]. In this
study, signals grouped using signal correlations were used. Fig. 14
shows the process of signal grouping by correlation analysis.

The SPRT was developed by Wald in 1945 [11]. The SPRT is
applied to this failure detection model. In the application of

instrument failure detection, the SPRT uses the residual value
(difference between the instrument measurement and the instru-
ment estimate) [11]. Fig. 15 shows the trends of the major param-
eters for early diagnosis of severe accidents. Fig. 16 shows the
diagnosis results of instrument failure. The failure status types of
instruments are expressed using four colors. Table 4 shows the
failure status of instruments. The percentage values indicate the
portion of failed instruments among all available instruments.

3.8. Assessment module of CV environment

Fig. 17 shows the assessment screen of the CV environment
conditions, indicatingaccident influence inside sixCVcompartments
through the failure diagnosis of instruments. The CV environments
are expressed according to pressure and temperature. The allowable
temperature andpressureof the instruments are indicatedusing four

Fig. 15. Trends of major parameters.

Fig. 16. Diagnosis of instrument failure.

Table 4
Failure status of instruments.

Instrument condition Color Result of SPRT judgment

Normal Green 0e25%
Bad Yellow 26e50%
Worse Orange 51e75%
Worst Red Failure

SPRT, sequential probability ratio test.
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colors. Table 5 shows the prediction status of the CV environment
conditions.

4. Test results of smart support system

Fig. 18 shows the overview results of testing of the smart sup-
port system for an initial event of an LBLOCA at the hot leg of the

reactor coolant system. The smart support system provides the
following critical information for severe accident management:

(a) Initial event: Hot-leg LBLOCA
(b) LOCA break size: 0.275 m2

(c) Golden time
� Core uncovery: 906 sec
� RV failure: 7653 sec

(d) RV water level: 0.001 mm
(e) Environmental risk of CV compartments

� Compartments 4 and 6 (worst)
� Compartment 3 (worse)
� Compartment 2 (bad)
� Compartments 1 and 5 (normal)

The test results show that the developed smart support system
can diagnose accidents in a short time after reactor trip.

Fig. 17. Assessment of CV environment conditions.
CV, containment vessel.

Fig. 18. Results of testing the smart support system.

Table 5
Prediction status of CV environment.

CV environment Color Instrument failure in the
CV environment

Normal Gray 0
Bad Yellow ~33%
Worse Orange ~67%
Worst Red Failure

CV, containment vessel.
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5. Conclusion

A smart support system was developed for the purpose of
decision-making support for NPP operators during a severe acci-
dent situation. If the classification of events and the prediction of
critical parameters are available from the integrated early diagnosis
system, decision-making assistance will be of help, and emergency
actions can be performed easily [5].

In this study, we applied various methods to diagnose early
accidents in NPPs. The MAAP code was used to describe accident
situation, and the 66 measured signal data elements were used to
diagnose severe accidents in NPPs. The smart support system used
short time-integrated signals after reactor trip had developed to
determine the transient scenarios and predict the important pa-
rameters. The early diagnosis of accidents and overall predictions
are useful and important information for NPP operators. Therefore,
it is expected that the smart support system can be applied to
identify and estimate accident circumstances at NPPs and can be
used effectively to support plant operators in critical situations. The
smart support system can be used as a simulation tool for severe
accident management; it is expected to contribute to safety
improvement for NPPs.
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