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As the nuclear power plant containment is the third barrier to nuclear safety, real-time
monitoring of containment leakage rate is very important in addition to the overall leakage
test before an operation. At present, most of the containment leakage rate monitoring
systems calculate the standard volume of moist air in the containment through monitoring
parameters and calculate the daily leakage rate by the least square method. This method
requires several days of data accumulation to accurately calculate. In this article, a new
leakage rate modeling technique is proposed using a convolutional neural network based
on data of the monitoring system. Use the daily monitoring parameters of nuclear power
plants to construct inputs of the model and train the convolutional neural network with daily
leakage rates as labels. This model makes use of the powerful nonlinear fitting ability of the
convolutional neural network. It can use 1-day data to accurately calculate the containment
leakage rate during the reactor start-up phase and can timely determine whether the
containment leak has occurred during the start-up phase and deal with it in time, to ensure
the integrity of the third barrier.
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INTRODUCTION

In a nuclear power plant, the pressure boundary formed by the containment body and numerous
perforated equipment, components and pipes that penetrate the body is the third and last barrier of a
nuclear power plant (Sakaba et al., 2004). It is responsible for the important function of preventing
radioactive materials from leaking into the external environment. The Safety Guide published by the
International Atomic Energy Agency describes in detail the safety function requirements of the
containment of radioactive materials under reactor operation and accident conditions. It emphasizes
that the integrity of the containment structure should be maintained under design basis accidents,
and the leakage rate cannot exceed the specified maximum value. Due to the existence of open-hole
equipment, components, pipelines, and isolation valves through the reactor containment, it is of
great significance to monitor the integrity of the containment.

In addition to regular containment integrity tests, it is necessary to monitor the containment
leakage rate through the on-line monitoring system during the normal operation of the nuclear
power plant (ANS, 2002). The on-line monitoring system of containment leakage rate (EPP system)
is an important monitoring system of the nuclear power plant. It can monitor the gas leakage rate of
containment during the operation of the unit, monitor the change of containment tightness, and
keep the atmospheric pressure in the containment within an allowable range. When the leakage rate
reaches the operation limit, the operator is informed to take necessary measures action.
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At present, the EPP system of CPR1000 nuclear power plants
mostly adopts SEXTEN2, which is developed by Division
technique general of Electricite de France, for on-line
monitoring of containment leakage rate during normal
operation of the reactor (EDF/DTG, 2001). SEXTEN2 adopts
the law of conservation of mass and relies on the physical model
of ideal gas conservation to calculate the containment leakage
rate. The parameters used in the calculation need to be
representative enough, which means that there is some
uncertainty in the transient process. The linear fitting method
is used to calculate the leakage rate, and a certain amount of data
accumulation is required to give the results that meet the
requirements of accuracy and uncertainty. Therefore, the
estimated leakage rate cannot be obtained until several days
after the end of the overhaul and containment closure.

At present, the research of containment leakage rate is mainly
about the method based onmass conservation and the measures to
deal with the leakage. Huang et al. (2016) studied the leakage
mechanism of the containment penetration, described the
microleakage mechanism of the interface of the static seal
structure based on the porous media seepage theory, and used
Hertz contact theory to correlate the stress with the changes of the
microstructure, and finally realized the calculation of the leakage
rate independent of any experimental data. Li. (2015) introduced
the calculation model and method of monitoring the containment
leakage rate of M310 nuclear reactor during operation, analyzed
the treatment of leakage rate curve under special conditions, and
proved the rationality and effectiveness of the EPP system. Liang
et al. (2015) analyzed the causes of the abnormal containment
leakage rate of the new CPR1000 unit and gave preventive
measures. Liu. (2017) found that the calculation of containment
leakage rate in the reactor start-up stage was not accurate, and
measures such as eliminating abnormal data were needed.

However, compared with the application of machine learning
method in other fields, we can find that there is a lack of machine
learning application in the calculation of containment leakage rate,
especially in the reactor start-up stage. One of the important
reasons is that the reactor will not shut down and restart
frequently, so there is a lack of data on the containment leakage
rate during the start-up phase of the reactor. Moreover, the
traditional method based on mass conservation can only use
the data a few days after the start-up of the reactor to deduce
the leakage rate of the start-up phase, which leaves a hidden danger
for the safety of the containment leakage rate monitoring. Based on
the above reasons, this paper proposes a convolutional neural
network (CNN) method to estimate the containment leakage rate
during the reactor start-up phase. In this paper, the data of 10 start-
up stages of CAP1000 reactor in a nuclear power plant is taken as a
case study. And major contributions in this work are:

(1) The calculation method of containment leakage rate based on
mass conservation adopted by the EPP system is introduced.

(2) CNN combined with data extrapolation is used to estimate
the containment leakage rate from high-dimensional
monitoring parameters.

(3) The result of an ordinary artificial neural network (ANN) is
compared to prove the rationality of using CNN.

This paper is arranged as follows: The first section introduces
the background and motivation; The second section introduces
the calculation method of containment leakage rate based on
mass conservation used in EPP system; The third section
describes the proposed algorithm framework, and briefly
introduces CNN. The case study and result are presented in
the following sections. Finally, the Conclusion contains the
conclusion and limitation of the work.

THE METHOD BASED ON PHYSICAL
MODELS

Based on the physical models, the containment leakage rate is
calculated according to the mass conservation of gas in the
containment and equation of state of ideal gas (Zhang et al.,
2014). The containment leakage rate cannot bemeasured directly,
so the EPP system continuously measures and collects the
pressure, temperature, humidity, and other parameters in the
containment, and obtains the leakage rate through calculation.
The containment leakage rate is defined as the mass change rate
of dry air in containment within 24 h, which is generally called the
dry air quality method (Chu and OuYang, 2010). The balance
schematic diagram of the gas mass in the containment is shown in
Figure 1 (Guo, 2020). Qld is the daily leakage rate of the
containment, Qsar is air injection flow of instrument
compressed air distribution system (SAR), T is temperature,
Pcon is average pressure in containment, H is humidity, Patm is
atmospheric pressure, Qp is leakage of other pressure equipment,
and Qleak is containment leakage rate.

Considering the influence of the above factors, the variation of total
gas mass in containment can be calculated by the following formula:

FIGURE 1 | Schematic diagram of gas mass balance in containment.
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Δm
Δt � Qleak + Qp + Qsar . (1)

Let the average daily leakage rate Qld �Qleak + Qp, and then we
can get the formula:

Qld � Δm
Δt − Qsar . (2)

Qleak is a function of Pcon and Patm. Let ΔP � Pcon − Patm, and
the function can be expressed as Qleak � f ( ΔP). Then we can get
formula 3 and formula 4.

Qld � f ( ΔP) +Qp, (3)

f ( ΔP) + Qp � Δm
Δt −Qsar. (4)

In the formula above, Δm/Δt can be calculated by basic
parameters, Qp can be calculated by SAR system. After
obtaining a series of coordinate points, Qld can be obtained by
the least square method.

With the continuous operation of the unit, the pressure
difference ΔP inside and outside the containment will change
within a certain range. The online monitoring system of
containment leakage rate calculates a ΔP and a Qld data every
day. The relationship between Qld and pressure difference ΔP was
fitted linearly. The intercept of the fitting line on the y-axis, that is,
the leakage rate Ql0 when ΔP � 0, represents the parasitic leakage
rate, which is always above the y-axis. Because the leakage rate of
containment is meaningful only when it corresponds to the
internal and external pressure difference of containment,
besides, the influence of parasitic leakage rate QP on Qleak

needs to be eliminated, and the leakage rate is converted into
the leakage rate Ql60 � 60 *α at ΔP � 60mbar, α is the linear slope.
Ql60 is the theoretically calculated containment leakage rate.

THE METHOD BASED ON CNN

The physical models mentioned above require at least five
consecutive valid Qld for the first Ql60 calculation, and the
range of ΔP should be greater than 15mbar. In the later fitting
calculation, the data points (Qld, ΔP) will gradually increase until
the full 20. That is to say, the accurate leakage rate level of the first
day can be obtained 5 days after the start-up of the overhaul, which
has a great impact on the real-time monitoring of the reactor
containment. Therefore, this paper proposes a data-driven model
based on the convolutional neural network. The leakage rate
extrapolation method is used to construct the training data set
from the historical data set to fit and predict the leakage rate
calculation when the reactor is started after the overhaul. This
method can be applied to the calculation method of containment
leakage rate in the start-up stage and fills the blank that the
containment leakage rate cannot be evaluated in the start-up stage.

Data-driven methods are widely used, ranging from simple
linear fitting, polynomial fitting to complex physical relationship
cleaning, which can be used to fit the functional relationship
between input and output. In recent years, with the rise of
artificial intelligence technology, various machine learning, and

deep learning methods have been widely used in various fields
because of their strong fitting ability and high prediction accuracy
(Peng and Liu, 2014).

In essence, the calculated value of the containment leakage rate
can be regarded as a function of the monitoring value of each
monitoring quantity

Ql60 � f (X), (5)

where X is the matrix composed of the time series of monitoring
parameters such as temperature, pressure, and humidity.

The problem solved by the data-driven model is to infer the
functional relationship y � f 10) between input X what is measured
data of the monitoring system and output y that is corresponding
to containment leakage rate Ql60 in this project. The data-driven
method assumes that the specific form of f is unknown, but
multiple groups of independent data can be obtained. In this
case, the data-driven model uses a general parametric function to
fit the data, so that the deviation between the model output value
and the actual output value is as small as possible, so the fitting
model is used as the approximation of the functional relationship
between input and output.

Algorithm Framework
Based on the data of the monitoring system, this paper presents a
calculation method of containment leakage rate using a
convolutional neural network. Figure 2 shows the flow of data
within the framework of the proposed algorithm.

As can be seen from the figure, the process of model
establishment mainly includes the following parts.

Step1: Collecting monitoring data of reactor start-up time from
the historical database.
Step2: Extrapolate the leakage rate after 5 days of containment
closure by extrapolationmethod to estimate leakage rate within
5 days after startup.

FIGURE 2 | The framework of the containment leakage rate
calculation model.
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Step3: Process raw data, such as data cleansing and data
normalization.
Step4: Divide the processed data into two subsets, the training
set and test set, and utilize the training data and modeling
algorithm to develop the model. Attention should be paid to
make sure there are enough samples in the training set.
Step5: Apply the model to the test set, and evaluate the model.
The evaluation methods include mean square error, root mean
square error, histogram or quantile map, etc.
Step6: After model evaluation, the model that does not meet
the requirements needs to be retrained, and the model that
meets the requirements is the final model.
Step7: Finally, the model can be applied to the new data to
calculate the containment leakage.

Convolution Neural Network
A convolution neural network is a kind of nonlinear model, which
can effectively process features from the original data and fit the
results (Lawrence et al., 1997). CNN combines convolution
operation with a multi-layer artificial neural network. In the
process of feature extraction of the target, the method of local
connection is adopted between the adjacent two layers of neurons,
which realizes the local information perception and judgment, and
reduces the complexity of the whole network by weight sharing,
which greatly reduces the number of weights of the whole network,
so it can quickly recognize the target (Hubel and Wiesel, 1962;
Fukushima, 1980). At present, a two-dimensional convolutional
neural network (2 days-CNN) is widely used. The standard CNN
structure is shown in Figure 3, which mainly consists of the input
layer, convolution layer, pooling layer, full connection layer, and
output layer (Lecun et al., 2010).

CASE DESCRIPTION

In this work, the real monitoring data of a nuclear power
plant is used to establish a model and predict the
containment leakage rate within a few days of reactor start-
up. In the past few years, there have been 10 overhaul and start-
up cases of the two units H1 and H2 in the nuclear power plant.
The data collected by the unit is one data point every half an
hour, and each data point contains a total of 31 dimensions

of data. The monitoring quantity includes the air intake of
the pneumatic valve in containment, temperature, humidity,
pressure, and other physical quantities related to containment
leakage rate. Some monitoring measurements are listed in
Table 1.

DATA PROCESSING

Before using the original data in the monitoring system, various
types of data processing are needed to establish a better model. In
this work, two processes are conducted.

Data Denoizing
Due to the influence of the external environment or sensor
accuracy, the original data recorded by the monitoring system
will have noise. In order to correct the noise, this paper carries out
moving average noise reduction on the original data.

The principle of moving average is to modify the amplitude of
other sampling points near a measurement point, so as to make
the vibration curve smooth enough to achieve the purpose of
noise reduction. In the moving average method, the surrounding
points are simply averaged, or the nearby points are weighted
average. In general, the average of five points nearby is based on
the following formula:

yi � ∑
N

n�1
hnxi−n i � 1, 2,/,m, (6)

where x is the data value obtained by sampling, y is the data after
moving average, m is the number of measurement data, N is the
average number of points, h is the weighted average factor. The value
of the weighted average factor conforms to the following formula:

FIGURE 3 | The structure of a standard CNN.

TABLE 1 | The important signals in the monitoring system.

Name of signal Unit Description

Qsaravg m3/h Airflow rate
Tavg °C Average temperature
Havg % Average humidity
DeltaP hPa Pressure difference
Pcon hPa Containment pressure
Patm hPa Atmospheric pressure
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∑
N

n�1
hn � 1. (7)

In this work, N is set to 5, and h is set to 0.2. Figure 4 shows the
effect of data denoizing. The left figure is the original data before
noise reduction, and the right is the data aftermoving average. It can
be seen that the burr in the original data is significantly reduced.

With moving average Without moving average.

Data Normalization
Since the range of eigenvalues of the original data varies greatly, the
ranges of all features should be standardized so that the
contribution of each feature is comparable. In addition, in some
machine learning algorithms, the objective function may not work
properly without scaling. Various linear or nonlinear scaling
methods can be used, such as rescale, mean normalization,
standardization, etc. In this article, rescale is used to scale the
range of features in [0, 1]. The general formula is as follows

Xp � X −min(X)
max(X) −min(X). (8)

Where X is an original value, Xp is the normalized value.
It is worth pointing out that the general machine learning

algorithm also needs to carry on the feature screening, in order to
improve the modeling efficiency and reduce interference, but the
deep learning algorithm has a strong processing ability for high-
dimensional signals, so there is no need for feature screening.

MODEL CONSTRUCTING

The overall modeling steps of this work can be summarized as
follows:

(1) The leakage rate Ql60 data in the historical database after
5 days of containment closure was extrapolated by the
extrapolation method, and the estimated leakage rate
within 5 days after the startup was obtained.

(2) The input of training data is the matrix composed of the time
series of each monitoring parameter in one day, and the
output is the estimated leakage rate of corresponding time
obtained by extrapolation.

(3) The CNN algorithm is used to train the neural network based
on the constructed training set, and the model fitting results
are obtained.

(4) The accuracy of the fitting model is evaluated by selecting test
data from the historical database.

Extrapolation of Leakage Rate
The leakage rate extrapolation refers to the linear fitting of the
leakage rate with time in a period after 5 days of reactor startup.
The calculated leakage rate within 5 days after the reactor startup
is extrapolated by the fitting line, which is used as the label of
data-driven model training. As shown in Figure 5.

CNN Construction
In this work, the structure of the CNN as shown in Figure 6 is
used to fit the matrix composed of the time series within one day.
The label in the training process is the leakage rate calculation
value after linear fitting extrapolation. From the C1 layer to the P2

FIGURE 4 | The data with or without moving average.

FIGURE 5 | Leakage rate extrapolation diagram.
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layer, it is responsible for feature selection, dimension reduction,
and information fusion. The input sample is the data of one day,
one data point every half hour, including 31-dimensional
parameters. After normalization, each 1488-dimension sample
in the input layer is resized to 48 × 31. For each layer, we use a 3 ×
3 convolution kernel. The first convolution layer C1 has 10
groups, and the size of each group is 46 × 29. The second
convolution layer C2 has five groups with a size of 21 × 12.
The pool size of P1 and P2 is 2 × 2, and the maximum pool is used
to reduce the number of parameters to prevent overfitting. BN
normalized layer is used to prevent gradient explosion and
accelerate convergence rate. There are 50 sigmoid neurons in
the full junction layer F1 to calculate the output value. The final
output value is the predicted leakage rate Ql60.

RESULT VERIFICATION

In this work, the 34 days data of 10 start-up processes were used to
establish the model. The 27 days data were used as the training set,
and the 7 days data were used as the test set. The loss function is the
mean square error. Figure 7 shows the change in loss function
value. It can be seen that both the training loss and test loss
decrease with the increase of model iterations and has reached a
very low level at 2000 iterations. The reduction of training loss and
test loss also shows that the modeling method is effective.

Figure 8 shows the results of this modeling. Each data point is
the Ql60 value within 5 days of the reactor startup. Intuitively, the
training set and test set of the model have good performance.

To prove the rationality of choosing CNN in this work, this
paper also uses two commonly used machine learning methods:
Artificial neural network (ANN) and Support vector regression

(SVR) to predict the containment leakage rate. All the steps are
the same, except that CNN is replaced by ANN or SVR. The
results of ANN and SVR are shown in Figure 9 and Figure 10.
And Table 2 lists the performance differences of the three
methods in the training set and the test set. R2 is the
determination coefficient of the model, which is always less
than or equal to 1, and the closer R2 is to 1, the better the
fitting effect of the model.

From the above results, it can be seen that the results of CNN
are significantly better than Ann and SVR in both training set and
test set. The reason is that the EPP system has 31 kinds of
parameters, which are recorded every half an hour. This means
that the daily containment leakage rate is determined by a 48 × 31
dimensional parameter. In this case, CNN’s advantage in fitting
high-dimensional data can be reflected.

CONCLUSION

This work proposes a containment leakage rate estimation
framework based on CNN. The data related to the
containment leakage rate used in this case comes from a real
CAP1000 nuclear power unit. The data is subsequently
preprocessed and normalized. Through data extrapolation and
CNN, the containment leakage rate of the reactor start-up phase
can be obtained. Through the actual case study, the CNN model
shows impressive performance. The comparison with ANN and
SVR also shows the good performance of CNN in this work. The
originality of this study is summarized below:

(1) We analyze the EPP system calculation method of
containment leakage rate and its shortcomings.

FIGURE 6 | The structure of the convolution neural network in this work.

FIGURE 7 | Training and testing curves.
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(2) We propose a calculation model based on data extrapolation
and CNN, which can estimate the containment leakage rate
during the start-up phase of the reactor and assist in the
assessment of containment integrity.

(3) We compare the performance of CNNwith ANN and SVR in
the model and prove that the CNN method has the best
performance in this work.

Nevertheless, we observed some limitations of the research.
First, we can do more research on the structure of CNN to make
the model perform better. Then, because the reactor will not shut
down and restart frequently, the amount of data in this work is
not particularly large. And as the data accumulates, the model
should be updated. These limitations will be addressed in our
future work.

FIGURE 8 | Prediction results of the model on training set and test set.

FIGURE 9 | Prediction results of ANN.

FIGURE 10 | Prediction results of SVR.

TABLE 2 | Comparison of results of CNN, ANN, and SVR.

Result CNN ANN SVR

Training set/Test set Training set/Test set Training set/Test set
MSE 0.00036/0.11 0.045/0.63 0.37/0.89
R2 0.99/0.78 0.95/0.49 0.57/0.38
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