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1. INTRODUCTION

When transient events or accidents occur in nuclear
power plants, plant operators are generally provided with
only partial information. Even if the operators obtain
sufficient information to manage the condition, they often
have insufficient time to analyze the accident in urgent
situations. In the initial stages of an accident, plant
operators will attempt to analyze the abnormal plant states
by observing the temporal trends of a few important
parameters. However, it is very difficult for operators to
predict the progression of an accident by only observing
these temporal trends on large display panels in the main
control room. Moreover, the operators will be faced with
hundreds of instrument readings and alarms that will show
some typical patterns for that particular accident, which
might increase the level of confusion.

Accident management has increased in importance as
a method for preventing the confusion that arises from these
conditions and can be accomplished using the operator’s

high level knowledge of what the initiating events are and
where these events have occurred. In the past, there was
a model-based approach to diagnosing accidents in nuclear
power plants to support operators [1]. Nowadays, the
operators’ knowledge (database) can be collected using
the information obtained from a range of measured data
through improvement in the data processing techniques
and computing power. When an accident occurs in nuclear
power plants, operators will infer and determine the best
action for the accident situation using their knowledge,
which is a type of database in their brains. This concept
is similar to the principles that artificial intelligence (AI)
techniques use. Thus, it is expected that the AI techniques
will be applicable in predicting severe accident conditions
and scenarios. In addition, many studies have examined
accident management including accident identification and
diagnostics using AI techniques [2]-[11]. AI techniques
have also been recently applied to the instrument and system
monitoring of nuclear engineering fields [12]-[13].

In order to manage severe accidents in nuclear power

After the Fukushima nuclear accident in 2011, there has been increasing concern regarding severe accidents in nuclear
facilities. Severe accident scenarios are difficult for operators to monitor and identify. Therefore, accurate prediction of a
severe accident is important in order to manage it appropriately in the unfavorable conditions. In this study, artificial
intelligence (AI) techniques, such as support vector classification (SVC), probabilistic neural network (PNN), group method of
data handling (GMDH), and fuzzy neural network (FNN), were used to monitor the major transient scenarios of a severe
accident caused by three different initiating events, the hot-leg loss of coolant accident (LOCA), the cold-leg LOCA, and the
steam generator tube rupture in pressurized water reactors (PWRs). The SVC and PNN models were used for the event
classification. The GMDH and FNN models were employed to accurately predict the important timing representing severe
accident scenarios. In addition, in order to verify the proposed algorithm, data from a number of numerical simulations were
required in order to train the AI techniques due to the shortage of real LOCA data. The data was acquired by performing
simulations using the MAAP4 code. The prediction accuracy of the three types of initiating events was sufficiently high to
predict severe accident scenarios. Therefore, the AI techniques can be applied successfully in the identification and monitoring
of severe accident scenarios in real PWRs.
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plants effectively, it is important to predict and identify
the accident initiating events within a short time interval
after the accident by observing the significant measured
signals. Therefore, accurate predictions of the initiating
events, such as a loss of coolant accident (LOCA), total
loss of feed water (TLOFW), station blackout (SBO), steam
generator tube rapture (SGTR), and major plant scenarios
for severe accidents, are required in order to manage the
severe accidents.

The aim of this study is to develop and verify monitoring
techniques for severe accidents in pressurized water
reactors (PWRs) using AI methods, such as support
vector classification (SVC), probabilistic neural network
(PNN), group method of data handling (GMDH), and fuzzy
neural networks (FNNs). The SVC and PNN models are
used to classify the initiating events, and the GMDH and
FNN models are used to monitor the severe accidents.
The proposed algorithm was verified using the simulation
data from the MAAP4 code [14] for the advanced power
reactor 1400 (APR1400), which is an advanced PWR that
was developed by the Korea Hydro & Nuclear Power
Company (KHNP). The prediction accuracy of the three
types was sufficient to predict severe accidents.

2. INITIATING EVENT CLASSIFICATION FOR
SEVERE ACCIDENTS

The SVC model that is used widely in classification
problems is expected to be able to be applied well to
identifying the initiating events that proceed into a severe
accident. The SVC model can construct a decision rule to
classify the initiating events into one of two classes based
on a training data set. Several combined SVC models can
solve a general multi-class classification problem that can
be extended easily from a binary classification. Therefore,
a binary classification is described in this section. In the
binary classification of N training data T = {xi, yi}N

i =1, where
xi ∈ Rm is the input data vector and yi indicates two classes of
yi ∈{+1, -1}. For the case where two classes can be divided
linearly, the event classification can be accomplished by
defining a hyperplane (w•x+b = 0) that divides the training
data set, where the hyperplane is determined by the
coefficient vector (w) and bias (b). 

According to the binary classification in Fig. 1, the
distance between the two parallel lines of w•x+b = 1 and
w•x+b = -1 is 2/|w|. The separating hyperplane is optimal if
the distance between the two parallel lines is the maximum
for a given dataset. Therefore, wTw should be minimized
in order to maximize the distance between the two parallel
lines. The generalized optimal separating hyperplane is
determined by minimizing the following function: 

subject to the following constraints: 

where

Even when a hyperplane can separate the data correctly,
a method for introducing an additional non-negative
parameter ξi in the second term of Eq. (1) is used to manage
the problems associated with misclassifications due to
noise in the data. The parameter ξi is a measure of the
misclassification errors. Figure 1 provides an example of
a misclassification due to noise in the measured data [9].
The filled triangle and circle indicate the data with the
measurement noise. The parameter λ, which is called a
regularization parameter, controls the trade-off between the
complex degree of the SVC model and the classification
error.

When the linear boundary in the input spaces cannot
separate the two classes appropriately, it is possible to
create a hyperplane that allows linear separation in a higher
dimensional feature space. The SVC models resolve this
problem by implicitly mapping the training data into the
higher dimensional feature space. That is, the primal space
is transformed to a high dimensional feature space using
a nonlinear map ϕ(x), as shown in Fig. 2. The function, ϕ(x)
is the feature that is mapped nonlinearly from the input
space x, where ϕ = [φ1   φ2   … φN ]T.

Figure 2 shows the hyperplane established in a high
dimensional feature space and the nonlinear classification
problem converted to a linear classification in the high
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Fig. 1. Example of a Binary Classification and
Misclassification Due to Noise in the Measured Data [9].

(1)

(2)
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dimensional feature space. The Lagrange multiplier
technique and standard quadratic optimization technique
can be used to solve the vector w and bias b, and the solution
to the convex optimization problem can be expressed using
the following equation:

where b* = – 12 
N

∑
i=1

αiyi [K(xi,xr)+K(xi,xs)] is a bias term and

K(xi,x) = ϕT(xi)ϕ(x) is the kernel function. A radial basis

function, , was used because

it exhibited the best performance over a number of simulation
applications using different kernel functions conducted in
this study.

In this paper, the SVC models were used as non-linear
pattern classifiers that categorize the initiating event
representing the hot-leg LOCA, cold-leg LOCA, and
SGTR using a very short time integration of some selected
signals immediately after a reactor scram. The input
variables to the SVC models consist of the signals acquired
from the reactor coolant system, steam generators, and
containment at the nuclear power plant. These signals
provide information on the initiating event, such as the hot-
leg LOCA, cold-leg LOCA, and SGTR. The PNN [16]
model provides the initial event classification of a severe
accident and was used in a previous study [5]. Therefore,
a description of the PNN model was omitted in this paper. 

3. MONITORING OF TRANSIENT SCENARIOS FOR
SEVERE ACCIDENTS

If plant operators follow the accident management
guidelines strictly or safety systems work appropriately,

a severe accident is unlikely to proceed past the initiating
event. However, it is quite difficult for the operators to
follow the guidelines and for systems to consistently work
well during a plant’s lifetime. Therefore, studies of situations
leading to a severe accident are required.

In this study, the GMDH [17]-[19] and FNN models
were designed to monitor the timing when the following
occur: the reactor core is exposed, the core exit temperature
(CET) exceeds 1200 °F, which is when severe accident
management is normally initiated, and the reactor vessel
fails. The proposed accident scenario prediction algorithms
are intended to provide plant operators with valuable
information, such as the core exposure time and reactor
vessel failure time. This prediction problem does not differ
from the regression problem to find regression curves using
given data (training data). Since the GMDH and FNN
models are applied widely to regression problems such as
data-based modeling, they can be used effectively to
perform severe accident management successfully by
predicting the major timings of severe accident scenarios.
Therefore, the GMDH and FNN models were developed
to predict the important time points that represent major
severe accident scenarios.

3.1 Group Method of Data Handling (GMDH)
The GMDH is an inductive self-organizing algebraic

model and it automatically learns the relationship between
the system variables during the training process. Generally,
the GMDH model aims to determine the function that most
represents a given set of independent variables as dependent
variables. The GMDH algorithm uses a data structure
similar to multiple regression models in order to improve
the prediction accuracy and to select the optimum structure
for the model. The acquired data is normally divided into
three subsets (training data set, verification data set, test
data set) in order to maintain the model normalization and

(3)

Fig. 2. Mapping to the Linear Feature Space from a Nonlinear Input Space [8].



avoid over-fitting via the cross validation. Figure 3 shows
the data structure used in the GMDH model. The GMDH
employs a self-organizing modeling algorithm that can
flexibly choose nonlinear forms of the basic inputs. Figure 4
shows the branch structure of the GMDH algorithm. This
begins with the basic inputs at the first level and becomes
increasingly complex with an increasing number of layers
[20].

The existing GMDH method employs a common format
at each step in the continuous approximation [20]-[22]:

The coefficient parameters of the reference function written
above (A, …, F) can be solved using a least squares method
in an arbitrary pair (xi, xj) from the independent variables
x = (x1, x2, …, xm). 

The GMDH algorithm uses high-order polynomials in
their Kolmogorov-Gabor form [20]-[23]. The Kolmogorov-
Gabor form (called Ivakhnenko polynomials) can be
expressed as follows: 

where x = (x1, x2, …, xm) is an input variable vector and a

= (a0, ai, aij, aijk, …) is the vector of coefficients or the
weight of the Kolmogorov-Gabor polynomial. 

The GMDH algorithm merges the lower order
regression polynomials in each generation in order to
reach the next generation. This process continues until the
GMDH begins to exhibit over-fitting characteristics in
training or it exceeds the specified maximum calculation
time [20].

The GMDH algorithm generates and tests all input-
output combinations in a system. Each element of the
system performs the function of two inputs; the elements
are the blocks in Fig. 4. The coefficient parameters were
decided using a normal least squares method, and the
variables of the elements were calculated. The threshold
value at each generation determines if the outputs of the
elements in a generation are acceptable. In this paper, the
threshold at each generation was redefined as the minimum
fractional error at the previous generation. The output of
an element was eliminated in the current generation when
the result was larger than the threshold value. These
variables or elements, which are useful for predicting the
appropriate output, were used in the next generation. The
generations were repeated until satisfactory results were
obtained. This process is similar to Darwin’s theory, and
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Fig. 3. GMDH Data Structure [17].

(4)

(5)



the detailed key implementation steps are given below [20].
All quadratic regression parameters are stored at the

end of the GMDH algorithm procedure, and the estimated
coefficients for the high order polynomials are determined
by back tracing the GMDH architecture until the original
variables, x1, x2, …, xm are reached. In addition, the change
in the generations that produce the optimum fit can be
expressed as a type of tree known as the Ivakhnenko tree
[23].

A GMDH model can be well trained using informative
data. The input data representing the NPP operating
conditions were organized into net meshes (clusters)
(refer to Fig. 5). The centers of the clusters are indicated
as ‘+’ and are expected to provide more information than
the neighboring data. In this paper, a subtractive clustering
(SC) scheme [24] was adopted in order to select the cluster
centers to be collected for use as the training data. The
SC scheme employs the concept of information potential.
The information potential of each data point indicates the
information quantity and it is expected that a data point
with high information potential has much information.
The potential of a data point is defined as being higher

when it is surrounded by a greater amount of neighboring
data. The input/output data positioned in the cluster centers
were used to train the GMDH model.
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Fig. 4. Branch Structure of the GMDH Model [20].

Fig. 5. Net Meshes, Clusters, and Their Centers for a Two-
dimensional Case.
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3.2 Fuzzy Neural Networks (FNNs)
A fuzzy neural network is a fuzzy inference system

equipped with a training algorithm [25]. Because a fuzzy
inference system is constructed based on fuzzy if-then
rules, linguistic information can be directly incorporated,
whereas numerical information is incorporated via training
the fuzzy inference system to match the input-output pairs.
Therefore, fuzzy neural networks combine linguistic and
numerical information (primarily input-output pairs). The
main advantages of the fuzzy inference system are the
possibility of implementing a rule of thumb experience,
intuition, and heuristics, and also that it does not require
a mathematical process model.

Instead of employing fuzzy if-then rules that require
time-consuming defuzzification calculations of a Mamdani
fuzzy inference system [26], the Takagi-Sugeno fuzzy
inference system can be described as follows [27]:

where xj is the input variables to the fuzzy neural network
(j = 1, 2, …, m; m = number of input variables), Aij is the
membership functions for the antecedent of the i-th rule
and j-th input (i = 1, 2, …, n; n = number of rules), and ŷi

is the input of the i-th rule. Normally, f i(x1, …, xm) is a
polynomial in the input variables, but it can be any function
if it can appropriately describe the output of the fuzzy
inference system within the fuzzy region specified by the
rule antecedent. In this paper, the symmetric Gaussian
membership function was used. The output of an arbitrary
i-th rule, f i, consists of the first-order polynomial of inputs,
as given in Eq. (7):

where qij is the weighting value of the j-th input on the i-
th rule output and ri is the bias of the i-th rule output.
Therefore, the fuzzy inference rule expressed by Eqs. (6)
and (7) is called a first-order Takagi-Sugeno fuzzy rule [27].

The output of a fuzzy inference system with n rules is
a weighted sum of the consequence of all fuzzy rules. The
estimated output of the fuzzy inference system can be
expressed as follows:

where

The superscript i indicates that the parameters are related
to the i-th rule. For a series of N input/output data pairs,
the following equation was derived from Eq. (8): 

where

The vector q is a consequent parameter vector, and
the matrix W consists of the input data and membership
function values. A series of outputs of the fuzzy model is
represented by the N (m+1)n dimensional matrix W
and the (m+1)n dimensional parameter vector q. 

4. VERIFICATION OF THE PROPOSED ALGORITHM

In order to confirm the proposed algorithm, it is essential
to acquire the data required to train the AI techniques from
a number of numerical simulations due to the few real
LOCA. The data for a total of 330 accident simulations
were performed using the MAAP4 code to acquire the
data. The following 15 simulated sensor signals acquired
from these simulations were used: core exit temperature,
containment pressure and temperature, pressurizer pressure
and water level, sump water level, collapsed water level,
broken side SG pressure and temperature, broken side SG
water level, unbroken side SG pressure and temperature,
unbroken side SG water level, refueling water storage tank
water level, and containment mole fraction of H2. The
containment pressure and temperature are the values
measured at the central position of the containment that
is located between the operating deck and the polar crane,
which is known as the upper compartment below the dome.
The APR1400 has two steam generators. The terms ‘broken
side SG’ and ‘unbroken side SG’ correspond to two steam
generators (SGs) connected to a broken hot-leg (or cold-
leg, SG Tubes (SGTs)) and an unbroken hot-leg (or cold-
leg, SGTs), respectively. The input variables to the SVC
and GMDH models are the time-integrated values of 15
simulated sensor signals as follows:

where gj(t) is a specific measured signal, ts is the scram time,
and ∆t is the integration time span. 

4.1 Initiating Event Classification 
A total of 330 accident simulations were classified

into three types of initiating events: hot-leg LOCA, cold-
leg LOCA, and SGTR. In order to confirm the event
classification using the proposed algorithm, a total of 330
simulation datasets were divided into model development
data and test data. The model development data was used

(6)

(7)

(10)

(9)

(8)



to develop the proposed algorithm and the test data was
used to test it independently. Therefore, a total of 300
simulation datasets were used to develop the proposed
SVC classification algorithm, which consisted of 100
hot-leg LOCAs, 100 cold-leg LOCAs, and 100 SGTRs.
The remaining 30 test simulation datasets consisted of 10
hot-leg LOCAs, 10 cold-leg LOCAs, and 10 SGTRs.

In this study, the integrating time span in Eq. (10) for
the SVC model was 90 sec, which means that the SVC
model employs time-integrated signals at 90 sec intervals
immediately after a reactor scram. The integrating time span
was selected using several numerical simulations of the
proposed algorithm in order to minimize the classification
error. The two SVC models were trained to categorize
the hot-leg LOCA, cold-leg LOCA, and SGTR as (1, 1),
(1, -1), and (-1, -1), respectively, as shown in Table 1.
The SVC classified the initiating events accurately for
both the training and test data. Also, the PNN accurately
classified the initiating events of the training and test
data. The results of the PNN were abbreviated because
the PNN provided the same results as those of the SVC.

4.2 Accident Scenario Prediction
Three types of initiating events (hot-leg LOCA, cold-

leg LOCA, and SGTR) were considered. This study
examined the effectiveness of the proposed accident-
scenario-prediction algorithm using the GMDH and FNN
models in predicting the timing when the following
occurred: the reactor core was exposed, the CET exceeded

1200 °F, and the reactor vessel failed. Using the same
methods as the event classification, a total of 330 simulation
datasets were divided into model development data and
test data. A total of 300 simulation datasets were used to
develop the GMDH and FNN models, which consisted of
100 hot-leg LOCAs, 100 cold-leg LOCAs, and 100 SGTRs.
The remaining 30 test simulation datasets consisted of 10
hot-leg LOCAs, 10 cold-leg LOCAs, and 10 SGTRs. Each
100 development data consisted of 80 training data and 20
verification data. Figure 6 shows the RMS error averaged
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Table 1. Initiating Event Classification of the Training and Test Data Using SVC.

Break size
(cm2) Scram

time (sec)

Classified

SVC1 SVC2

Scram
time (sec)

Classified

SVC1 SVC2

Scram
time (sec)

Classified

SVC1 SVC2

Hot-leg LOCA Cold-leg LOCA SGTR

100
training

simulations
data

10 test
simulations

data

4.50

11.15

17.80

~(94)

716.35

723.01

729.66

37.76

104.29

~(6)

616.56

689.74

909.91

761.91

646.91

~(94)

7.42

7.38

7.34

126.91

38.99

~(6)

8.22

7.62

1

1

1

~(94)

1

1

1

1

1

~(6)

1

1

1

1

1

~(94)

1

1

1

1

1

~(6)

1

1

568.91

224.91

137.91

~(94)

5.98

5.95

5.92

64.41

23.78

~(6)

6.46

6.12

1

1

1

~(94)

1

1

1

1

1

~(6)

1

1

-1

-1

-1

~(94)

-1

-1

-1

-1

-1

~(6)

-1

-1

45.53

45.76

45.54

~(94)

7.60

7.55

7.50

9.81

8.73

~(6)

7.22

7.62

-1

-1

-1

~(94)

-1

-1

-1

-1

-1

~(6)

-1

-1

-1

-1

-1

~(94)

-1

-1

-1

-1

-1

~(6)

-1

-1

Fig. 6. RMS Error According to the Number of the Training
Data (FNN Model).



for nine cases (three different break locations each using
three different event timings) using the FNN model. As
shown in this figure, good results were obtained using
the 80 training data.

The integrating time span in Eq. (10) depends on the
types of input signals and initiating events. The time span
was determined using the correlation between the related
timing (the output of the SVR and FNN models) and the
integrated input signals (Table 2). The correlation coefficient
matrices between the output and input signals were calculated
every 10 seconds of the integration time span from 30
seconds to 90 seconds, and the integration time span with
maximum correlation degree was chosen. This means that
the GMDH model can predict these important scenario
timings using the initial short time integration of the
measured input signals for 30 to 90 seconds immediately
after a reactor scram. All 15 signals were not used to
estimate the major timings of severe accidents caused by
LOCA, because they had little relation with the major
timings and it takes considerable time to train and optimize
the GMDH and FNN models if too many inputs are used
in the models. Many measured signals were first removed
from the input signals to the GMDH and FNN models
through analysis and graphical plotting of the input (x
axis) and output (y axis) signals at many data points and
through analyzing the relationship between the input and
output data by calculating the covariance matrix of all
acquired data. In addition, the optimal input selection
process was performed using a genetic algorithm. Table 2
lists the selected inputs and integrated time spans according
to the input signals and initiating events. Furthermore, the
100 model development data were divided into two data
sets: training data (80 data points) and verification data
(20 data points). The training data was used to train the
GMDH model and the verification data was used to prevent
over-fitting.

Table 3 lists the prediction errors for the GMDH model.
A comparison of the results of the training and test data
revealed a significant difference between the relative and
RMS error, because the test data size was too small.
However, providing sufficient simulation data can decrease
these differences. 

Figure 7 shows the important timings in severe accident
scenarios that were induced by the initiating event of the
hot-leg LOCAs when using the GMDH model. These
graphs demonstrate that the proposed algorithm accurately
predicts the important timings that represent the major
severe accident scenarios, including the predicted timings
and their errors. The timing and relative prediction errors
are indicated in the left and right vertical axes, respectively.
Figure 7(a) shows the target and predicted timings for the
reactor core exposure using four input variables (refer to
Table 2). In this figure, the relative error represents the
percent error of  (yk – ŷk) / yk. The large relative error in the
test data resulted from the relatively small target value.
The predicted value was similar to the target value. It may

be possible to reduce the error by training the GMDH model
using more training data. Figure 7(b) shows the target and
predicted timings for the time when the CET exceeds
1200 °F using four input variables (refer to Table 2).
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Fig. 7. Important Scenario Timings Due to the Initiating Event
of Hot-leg LOCA Using the GMDH Model.



Figure 7(c) shows the target and predicted timings for the
reactor vessel failure time using three input variables

(refer to Table 2). Overall, Fig. 7 shows that the proposed
GMDH model can accurately predict the important timings
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Table 2. Selected Input Variables and Integrating Time Span.

Initiating event Scenario type Selected inputs Integrating time span (sec)

Hot-leg

LOCA

Cold-leg

LOCA

SGTR

Core exposure time

Time when CET exceeds 1200 °F

Reactor vessel failure time

Core exposure time

Time when CET exceeds 1200 °F

Reactor vessel failure time

Core exposure time

Time when CET exceeds 1200 °F

Reactor vessel failure time

Pressurizer water level

Collapsed sump water level

Collapsed water level

Unbroken side SG water temperature

Containment pressurizer

Containment gas temperature

Pressurizer water level

Collapsed water level

Pressurizer pressure

Pressurizer water level

Broken side SG water level

Collapsed sump water level

Collapsed water level

Broken side SG water level

Broken side SG pressure

Unbroken side SG water level

Unbroken side SG pressure

Containment gas temperature

Pressurizer pressure

Unbroken side SG water level

Broken side SG water temperature

Containment pressurizer

Pressurizer pressure

Broken side SG water level

Collapsed water level

Broken side SG water level

Unbroken side SG water level

Core exit temperature

Pressurizer pressure

Broken side SG water level

Core exit temperature

Pressurizer water level

Broken side SG water temperature

90

30

40

60

30

90

50

90

30

30

90

30

60

30

60

30

70

40

90

90

30

90

30

90

90

30

90

30

30

30

30

30

30



for severe accident scenarios initiated by a hot-leg LOCA.
The graphs related to the cold-leg LOCA and SGTR were
similar to those of the hot-leg LOCA and have thus been
omitted from this paper for brevity.

Table 4 lists the prediction errors for the FNN model.
Note that the GMDH and FNN models used the same data

and conditions. The prediction errors were 11.8743%,
averaged from the nine different applications of the GMDH
model (refer to Table 3), and 12.6450% for that of the
FNN model. By comparing Tables 3 and 4, the GMDH
model is slightly superior to the FNN model in severe
accident scenarios.
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Table 3. Prediction Errors for the GMDH Model.

Initiating 
event

Scenario type

Core exposure time

Time when CET
exceeds 1200 °F

RV failure time

Core exposure time

Time when CET
exceeds 1200 °F

RV failure time

Core exposure time

Time when CET
exceeds 1200 °F

RV failure time

RMS error (%) Relative max. error (%) RMS error (%) Relative max. error (%)

Training data Test data

Hot-leg
LOCA

Cold-leg
LOCA

SGTR

16.6385

11.9113

3.5284

11.7598

6.4431

3.3921

1.4383

1.5897

10.9552

54.0076

64.0588

20.1601

33.1136

37.5857

10.9808

4.3843

7.0196

27.6353

14.1283

7.0560

12.9123

28.8688

18.3856

10.1714

1.4742

2.0519

11.8209

20.1601

15.6363

38.5437

73.4936

42.7712

30.9587

3.5844

5.8674

19.4668

Table 4. Prediction Errors for the FNN Model.

Initiating 
event

Scenario type

Core exposure time

Time when CET
exceeds 1200 °F

RV failure time

Core exposure time

Time when CET
exceeds 1200 °F

RV failure time

Core exposure time

Time when CET
exceeds 1200 °F

RV failure time

RMS error (%) Relative max. error (%) RMS error (%) Relative max. error (%)

Training data Test data

Hot-leg
LOCA

Cold-leg
LOCA

SGTR

17.6697

17.7643

4.8928

38.0543

9.0084

4.7532

2.1140

1.7441

11.5379

82.2923

63.5521

15.0743

255.4807

51.4812

15.5016

5.3297

5.1782

30.8236

16.2277

21.9829

6.0753

20.1647

11.6716

19.1405

2.4352

3.1486

12.9581

40.9958

59.1053

14.5531

56.7208

29.8052

59.2861

5.7241

9.5521

26.3952



Figure 8 shows the important timings in severe accident
scenarios for the FNN model induced by the initiating
event of hot-leg LOCAs. Figure 8(a) shows the target
and predicted timings for the reactor core exposure; Fig.
8(b) shows the target and predicted timings for the time

when the CET exceeds 1200 °F. Figure 8(c) presents the
target and predicted timings for the reactor vessel failure
time. Overall, Fig. 8 shows that the proposed FNN model
can accurately predict the important timings for severe
accident scenarios that are initiated by a hot-leg LOCA.
The graphs related to the cold-leg LOCA and SGTR
were similar to the hot-leg LOCA and have thus been
omitted from this paper for brevity. 

5. CONCLUSIONS

In order to effectively manage severe accidents in
nuclear power plants, many studies have examined
accident management including event identification
using artificial intelligence techniques. In this paper, the
SVC model was designed to classify the initiating events
into three types of categorized events: hot-leg LOCA,
cold-leg LOCA, and SGTR. In addition, the GMDH and
FNN models were used to predict severe accidents and were
developed to predict the important timings representing
severe accident scenarios, such as the reactor core exposure
time, the time when the CET exceeds 1200 °F, and the
reactor vessel failure time due to LOCA. The proposed
AI techniques were applied and verified using the data
acquired using the MAAP4 code. In addition, more
informative data obtained from an SC scheme were used
to train the models.

The simulation results demonstrated that the proposed
SVC could accurately classify numerous initiating events
into three types of categorized events: hot-leg LOCA, cold-
leg LOCA, and SGTR. In addition, the proposed GMDH
and FNN models could predict within approximately 30%
RMS error the important timings representing severe
accident scenarios, such as the reactor core exposure time,
the time when the CET exceeds 1200 °F, and the reactor
vessel failure time due to LOCA. The proposed GMDH
model was compared with the FNN model and the GMDH
model was found to be slightly superior to the FNN model.
Therefore, the SVC and GMDH models can be applied
successfully in the identification and prediction of severe
accident scenarios in real nuclear power plants.
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