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A B S T R A C T   

A data-driven model for predicting moisture carryover (MCO) in the General Electric Type-4 boiling water 
reactor (BWR) was constructed using a physics-constrained artificial intelligence technique. An accurate pre-
diction of the MCO is of great value for commercial BWR operators as it can be used to modify the operational 
plan during a power cycle to mitigate high MCO, thereby avoiding elevated dose to on-site personnel and damage 
to turbine components. Using data from operational plants and preliminary features selected through physics and 
engineering analyses, a neural network based model for predicting MCO was built. A final feature set was then 
obtained through a hyperspace optimization performed using a genetic algorithm. Multiple neural network 
models possessing good generalization were obtained, the best of these having a mean-square error (MSE) of 
9.69E-5 for prediction of an un-seen cycle, which is in agreement with the uncertainty in the measured MCO 
data. This predictive capability is of great value for the planning of a power generation cycle, and for scheduling 
of operations for cycles already underway.   

1. Introduction 

Removal of the liquid droplets from the two-phase steam mixture in 
the Boiling Water Reactor (BWR) is an essential step in generating dry 
steam for electricity generation. Failing to sufficiently remove the liquid 
component from the steam mixture leads to the Moisture Carryover 
(MCO) problem. Excess MCO can lead to both intergranular stress 
corrosion cracking of turbine blades and an elevated radiation dose level 
to the on-site personnel resulting from the 60Co carried in the liquid 
droplets entering the steam line (Electric Power Research I, 2010). 

The steam drying system in the BWR is designed to limit the MCO to 
within an acceptable level through engineered design features. How-
ever, power up-rates and fuel loading changes in recent years have led to 
elevated MCO levels. Specifically, new low-leakage fuel loading strate-
gies for extending the cycle and minimizing fuel cost, achieved in part by 
loading twice-burnt low-power fuel bundles in the periphery of the core, 
have resulted in an increased liquid fraction exiting the fuel bundles and 
overloading the steam separators. 

A robust model linking MCO with in-core parameters is of great in-
terest to BWR operators. In the short term, during the course of a cycle, 
the reactor operator would be able to feed the in-core parameters and 

calculate the MCO in a what-if strategy in advance of a control change as 
an alternative to the current somewhat trial-and-error procedure that 
requires expensive radioactive chemistry measurements. In the long 
term, during the planning of a new cycle, this new model for MCO 
prediction can be used to tailor the operational plan to keep the MCO 
below an accepted level throughout the entire cycle, thus limiting both 
the impact on the turbine and the radiation dose to the on-site personnel. 

Accurately predicting MCO in a commercial BWR is an operational 
problem that is not presently tractable using traditional methods that 
include experiment mock-ups (Xiao et al., 2009) (Griwatz et al., 1971) 
and physics-based modeling and simulation (M&S) approaches (Kim 
et al., 2020) (Katono et al., 2014). As for the experiment-based method, 
mock-ups were developed years ago but no longer match the current 
coolant flow characteristics after recent power up-rates. As for 
physics-based M&S approaches, Computational Fluid Dynamics (CFD) is 
not capable of reliably predicting the two-phase flow (Zhang and Liu, 
2020) (Kiran et al., 2020) (Sharma et al., 2019) and the moisture sep-
aration process (Fadda et al., 2010) (Mavko et al., 1993) (Hemstroem 
and Tinoco, 1990) (Liu and Qu, 2017) (Zhang et al., 2017). Nor is the 
one-dimensional (1-D) engineering system code approach that is tradi-
tionally used to augment experiment data to design and analyze nuclear 
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power plants (Espinosa and Leichtberg, 1994) (Weber et al., 2007) 
(Papukchiev et al., 2011) (Judd et al., 1996). The phenomenological 
models in the 1-D systems codes approximate physical reality and as a 
result, operating margin must be included to cover the uncertainties to 
ensure that operating limits are not exceeded. This results in reduced 
performance compared to what might be otherwise achievable (Sehgal, 
2011) (Hess et al., 2009) (Oriolo and Paci, 2002). The data driven ma-
chine learning technique, on the other hand, provides a means of 
reclaiming this lost performance: once operational data is available, 
plant operation can be set based on actual system performance thereby 
eliminating a source of uncertainty and recovering the lost performance 

(Varshney, 2016) (Hsieh et al., 2017). 
This paper describes the use of data analysis and a physics- 

constrained artificial intelligence method to model MCO as a function 
of in-core parameters. In this approach, physics and engineering 
knowledge are input to the feature selection process to inform a pruning 
process that eliminates process variables that are uncorrelated with 
MCO. The result is a more robust model and superior predictive per-
formance. In this data-driven modeling approach, in-core variables are 
mapped to MCO through a non-linear activation function. This poten-
tially provides superior performance compared to a purely physics- 
based approach, which involves model approximations inherent in 
representing the complex phenomena of the steam separators and the 
dryers. The power up-rates and cycle extension techniques in combi-
nation with this prediction method enable reactor operation that in-
crease revenues and reduce costs associated with turbine damage and 
personal dose. This machine learning based method has been adopted by 
a nuclear utility to guide day-to-day operation of their fleet of BWRs and 
for optimizing the core fuel reload and operational plan for the next 
power generating cycle. This successful application to the nuclear in-
dustry provides an independent confirmation of a significant advance in 
the state-of-art methods for solving this difficult performance prediction 
problem. 

2. Description of BWR and MCO 

2.1. BWR overview and steam drying principle 

Approximately a third of commercial nuclear reactors in the United 
States are boiling water reactors (BWR). In a typical GE BWR/4 type 
reactor shown in Fig. 1 (Nuclear Regulatory Com, 2002), the pressurized 
water flowing upwards over the fuel bundles absorbs the heat from 
fission and exits the core in the form of two-phase mixture. The 
two-phase mixture passes through the steam separator and steam dryer 
in succession to remove the liquid component, leaving the saturated 
vapor to enter the steam line. 

As discussed in a previous paper (Wang et al., 2019), The steam 
separators located above the fuel bundles establish a vortex in the 
two-phase mixture flowing out of the core. The induced radial velocity 
component causes the liquid phase to separate from the vapor phase 
where the former is collected at the periphery of the separators, as 
shown in Fig. 2. The mixture exiting the separators is saturated vapor 
with suspended liquid droplets. It enters the steam dryers where the 
droplets are forced to make a series of rapid changes in direction while 
traversing the plate-like structures resulting in separation from the 

Fig. 1. Nuclear Steam Supply System in BWR (Nuclear Regulatory Com, 2002).  

Fig. 2. Steam Separator of BWR/4 Reactor (Nuclear Regulatory Com, 2002).  
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mixture, as shown in Fig. 3. The combined steam separators and dryers 
are designed to yield a steam quality of greater than 99.9% for admission 
to the turbine (Nuclear Regulatory Com, 2002). 

2.2. MCO overview and its elevation 

Moisture carryover (MCO) is the mass percentage of liquid phase in 
the steam flow entering the turbine. The commercial GE BWR/4 reactors 
in the U.S. are to maintain the MCO below 0.1% during normal full 
power operation, for the undesired liquid droplets in the steam will 
cause greater impact and corrosion to the turbine components, and the 
radioactive substances dissolved in it will elevate the dose exposure to 
the personnel on site. 

As discussed in Section 2.1, the combined steam separator and dryers 
are designed to provide name-plate MCO efficiency at the full power 
condition, however, there are events that may elevate MCO. As dis-
cussed in a previous paper (Wang et al., 2019), these events include a 
core flow imbalance subsequent to jet pump failure that may skew the 
bundle flow distribution across the core, a depression in local bundle 
power caused by insertion of control blades that cause lower local steam 
quality and steam velocity, and the low power output in the peripheral 
bundles due to improved fuel management strategies, are all able to 
saturate one or more steam separators and thus cause elevated MCO. 

Consideration of rapid reactor transients is not relevant to the 
problem of managing MCO in the context of fuel cycle performance 
optimization, which is the issue that is addressed in this paper. In the 
time domain, the evolution of MCO in a BWR is a quasi-static process 
since it is a function of in-core parameters that evolve on a time scale 
that does not lead to excitation of thermal-hydraulic phenomena in the 
dryers and separators. Thus, the authors have developed their solution 
method within the quasi-static problem setting. 

3. Plant Data and Physics-Constrained Feature Selection 

3.1. Plant data: MCO and in-core parameters 

During the BWR power generating cycle, in-core process variables 
are calculated daily via General Electric’s proprietary 3D BWR core 
simulation package PANACEA (General Electric Company, 1985). The 
PANACEA package reads in the measured core forcing functions 
including control rod insertion, thermal power, coolant flow rate, 

pressure and feed water temperature, and then calculates the process 
variables as listed in Table 1 for each of the 764 fuel bundles. A typical 
PANACEA run is able to simulate these bundle process variables and 
integral variables such as thermal power and core flow, as shown in 
Fig. 4. 

While PANACEA is typically run daily, the MCO is measured on a 
weekly basis, with possibly increased frequency when the MCO in-
creases late in a cycle. Measurement is done through a time-consuming 
and costly radiochemistry experiment described in (Private communi-
cation wit, 2017) and (Fournier et al., 2009). Briefly, the 24Na concen-
tration levels are calculated for both the coolant in the condensate 
system and in the reactor vessel through a measurement of the radio-
activity of the samples. The MCO is then inferred from the ratio of these 
two 24Na concentration levels. Due to the difference in calculation 
versus measurement frequency, only a fraction of the daily PANACEA 
runs have an accompanying MCO measurement for use in supervised 
learning. 

In this paper we work with 601 measured MCO data points: 553 
points come from 6 completed power-generating cycles of two identical 
BWR/4 reactors from the same generating station; and 48 points come 

Fig. 3. Steam Dryer of BWR/4 Reactor (Nuclear Regulatory Com, 2002).  

Table 1 
Bundle Parameters Simulated in PANACEA Package.  

Name Description Unit 

Bundle Power Integrated thermal power of each bundle; Normalized 
Bundle Flow Coolant mass flow rate through each bundle; lbm/hr 
Exit Steam 

Quality 
The steam quality (mass flow rate fraction of 
vapor to steam mixture) when exiting each 
bundle from the top; 

1 

Bundle Void 
Fraction 

The steam void fraction (area fraction occupied 
by vapor) when exiting each bundle from the top; 

1 

Average K-inf The average K-infinity value over the total length 
of each fuel bundle; 

1 

Control Rod 
Pattern 

The length of each control rod withdrawn from 
the reactor core; 

Notches 

Top 1 Slice 
Nodal Power 

The power distribution in the 1st top layer of each 
fuel bundle divided into 25 virtual vertical layers; 

Normalized 

Top 2 Slice 
Nodal Power 

The power distribution in the 2nd top layer of 
each fuel bundle divided into 25 virtual vertical 
layers; 

Normalized 

Top 3 Slice 
Nodal Power 

The power distribution in the 3rd top layer of each 
fuel bundle divided into 25 virtual vertical layers; 

Normalized  
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from an in-progress cycle from the same station. The current practice of 
taking MCO measurements uniformly in time throughout a cycle typi-
cally results in a preponderance of MCO data points below the 0.1 
percent high threshold. However, from the standpoint of applying ma-
chine learning and artificial intelligence to learn MCO dependencies, 
one would prefer the opposite: more data points with high MCO values. 
This helps provide optimal model accuracy in the neighborhood where 
the model is most valuable, that is in the range of high MCO. To generate 
points covering more diverse in-core conditions, cubic spline 

interpolations were generated using MCO measurements for constant 
control rod patterns as a function of cycle exposure (Private communi-
cation wit, 2017). This increases the number of MCO points from 553 to 
2497, as shown in Fig. 5. A cross validation was performed by interpo-
lating on the known MCO points giving an average error of 1.58E-2. This 
error is comparable with the MCO measurement uncertainty between 
1.0E-2 and 2.0E-2, indicating that the interpolated MCO points are of the 
same accuracy as the known MCO points. In addition, the interpolated 
MCO points were only used in model training, thus the model’s 

Fig. 4. Process Variables Simulated by PANACEA Package.  

Fig. 5. The 6 Cycles of MCO Values Used in Model Training Process.  
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predictability was evaluated on the measured MCO points only. The 48 
points from the in-progress cycle were not spline interpolated because 
these points are not used for model training. 

3.2. Physics-constrained feature selection 

To solve the problem of predicting the MCO for an un-seen cycle (i.e. 
a cycle held back from the training data set), input variables describing 
the in-core conditions are selected and fed into the supervised machine 
learning algorithm to train a model that maps these values to the asso-
ciated MCO values. These input variables are referred to as features, and 
the model developer must choose a set of features that is appropriate to 
the problem. The 2497 MCO data points were not sufficient in number to 
support the use of all 6876 distinct PANACEA engineering variables as 
features for input to the machine learning algorithm. However, through 
the use of supplemental physics and engineering information the au-
thors were able to significantly reduce the number of features, as 
described below. 

3.2.1. Bundle-wise parameters 
As discussed in a previous paper (Wang et al., 2019), the steam 

quality (Q) and mixture liquid-phase velocity (VL) were selected through 
both engineering and correlation analyses to construct a promising set of 
features. The use of these two features to capture the character of the 
steam exiting the top of fuel bundles can be further improved upon by 
introducing functional dependencies expected from consideration of the 
physical processes. 

First, a higher liquid phase velocity (VL) does not always lead to 
better separation efficiency. When the liquid phase velocity exceeds 
some threshold, the increased turbulence within the steam separator 
results in the swirl being disrupted, which leads to a lower separation 
efficiency. Thus, the MCO may not necessarily decrease with a higher 
liquid phase velocity, an effect which is captured through the following 
functional dependence 

MCO ∼ Vn
L , n ∈ R (1) 

Note that n is a free parameter that needs to be determined before 
constructing any features that are fed into supervised machine learning 
algorithm. Such a parameter is referred to as a hyper-parameter since its 
value is set before training of the network as its value cannot be deter-
mined during training. The optimization procedure for determining the 
values of hyper-parameters, including that of n, will be discussed in 
Section 4.3. 

Second, the steam quality (Q) calculated by PANACEA is for the 
steam exiting the bundle. However, the by-pass flow of liquid water 
flowing upward via the crucifix-shape gap between fuel bundles also 
makes it way to the steam separator, which effectively lowers the quality 
of steam mixture entering the steam separators. 

The spatial distribution of by-pass flow is not calculated by 
PANACEA (Private communication wit, 2017). But the by-pass flow 
shares the same gap with the control rod (Nuclear Regulatory Com, 
2002) so intuitively fully inserting the control rod into a control cell will 
block the pathway of the by-pass flow, and the steam quality exiting the 
bundles is less affected; on the other hand, withdrawing the control rod 
from the core will broaden the pathway of the by-pass flow, which 
makes the average steam quality less than the bundle quality. Based on 
this argument, an effective steam quality of each fuel bundle is hy-
pothesized to have the following functional dependence 

Qeff =Q
[
a+(1 − a) ⋅ Rb], a ∈ [0, 1], b> 0 (2)  

where the R is the fractional length of each control rod inserted to the 
core (1 stands for fully inserted to the core, and 0 stands for fully 
withdrawn from the core). a and b are two hyper-parameters: a captures 
the effectiveness of the control rod insertion (1 stands for control rod 
insertion does not affect the steam quality, and 0 stands for steam quality 

is fully regulated by the control rod insertion), and b captures the non- 
linearity of such insertion length. Both a and b are to be optimized for 
better modeling accuracy. 

Finally, the MCO should decrease with an increase in steam quality. 
The functional form shown here attempts to capture this: 

MCO ∼ Qm
eff , m ∈ R (3) 

The positive exponential for the Qeff, is meant to account for the 
nonlinearity in the physics. 

3.2.2. Dimension reduction (octuple symmetry and bundle grouping) 
As discussed in the previous paper (Wang et al., 2019), the number of 

features should be a canonical set to avoid modeling the noise in MCO 
data. Due to the octuple symmetry in the core geometry (Nuclear Reg-
ulatory Com, 2002) and fuel loading pattern, the authors use the VL and 
Qeff of each bundle in a 1/8 sector of the core to reduce the dimension of 
features. However, each 1/8 sector contributes more than 100 fuel 
bundles with associated process variables, which is still too large a 
number for the total 2497 interpolated MCO data points considering 
that more than 80% of the data points are clustered together with similar 
conditions at low MCO values. 

To further reduce the input dimensionality, another important 
physics constraint that involves the spatial coverage of the steam sepa-
rators that are located above the fuel bundles is introduced. As shown in 
Fig. 6, there are 41 separators covering each 1/8 sector of the core, with 
each separator covering 2 or 3 fuel bundles. Any constructed variables of 
the fuel bundles covered by the same steam separator can be aggregated, 
resulting in the 41 separators being segmented into larger bundle 
groups, which further reduces the number of features. The parameters 
used to group these like bundles represent another set of hyper- 
parameters to be optimized, which will be discussed in Section 4.3. 

4. Optimization of Hyper-parameters 

As discussed in Section 3.2, several hyper-parameters including the 
exponent parameters associated with Q, VL, R and the parameters con-
trolling bundle groupings need to be determined before building a set of 
features to train a machine learning model. This section will discuss the 
details of hyper-parameter optimization and the machine learning 

Fig. 6. The Spatial Coverage of Fuel Bundles by 41 Steam Separators.  
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training of a model that can predict the MCO for an un-seen cycle. 

4.1. Machine learning model architecture 

The single layer neural network was chosen to be the architecture of 
the machine learning model. As shown in Fig. 7, the neural network will 
manipulate the value coming from multi-dimensional input by first 
multiplying by a weight (W) and then adding an offset (b) and feeding 
the result to the nonlinear activation function to approximate non- 
linearities in the data. This architecture is suitable for MCO modeling 
as it supports the hypothesis that MCO is the sum of individual steam 
separator contributions with separator performance varying in some 
non-linear fashion, and provides a better error balance between the 
training and test data than other nonlinear regression models such as 
Exponential Gaussian Process Regression, Quadratic Support Vector 
Machine, and more complicated neural network with more than one 
neurons, as discussed in the previous paper (Wang et al., 2019). 

4.2. Data division scheme 

We adopt the learning procedure known as the “Training-Validation- 
Test” (TVT) scheme (James et al., 2013), which is standard practice in 
machine learning, and divide the MCO data into several sets to guard 
against overfitting and to evaluate the model generalizability. 

In the implementation the objective is to obtain a high-quality pre-
diction of MCO for one fully un-seen cycle (Cycle #7) given the MCO 
data for the six cycles that are used in the model training and evaluation 
process (Cycle #1 to #6). Of the six cycles, one cycle is left out to serve 
as the Test set, which is used to measure the out-of-cycle predictive 
capability; the remaining five cycles are partitioned into three subsets 
randomly: (1) the Training set, which is used to tune the weight (W) and 
offset (b) in neural network to minimize the error between model output 
and the target; (2) the Validation set, which guides in stopping the 
learning process when the error in Validation set starts to diverge; and 
(3) the Valid-2 set, which is used to measure the in-cycle predictive 
capability. The sixth cycle, the one that is left out and serves as Test set, 
is selected from among the six by successionally rotating through all six. 

Then the combination of all the six test cycle errors is used as a measure 
of the out-of-cycle predictive capability. 

4.3. Genetic algorithm for hyper-parameter optimization 

The Genetic Algorithm is a metaheuristic optimization method 
inspired by the process of natural selection. It is capable of finding the 
global minimum of a function and returning the values of the indepen-
dent variables corresponding to this function minimum. This is achieved 
by iteratively tuning the hyper-parameter variables within a given range 
in a way similar to the mutation, crossover and selection of chromo-
somes and keeping the “elites” combination (Mitchell, 1998). The Ge-
netic Algorithm is suitable of optimizing both integers and fractional 
inputs, which is why we used it for optimizing the hyper-parameter 
space of MCO problem, including the exponent parameters and the 
fuel bundle grouping parameters. 

4.3.1. Cost function 
To find a set of hyper-parameters values that lead to an accurate and 

robust prediction of the MCO values for an un-seen cycle, a cost function 
capable of measuring the out-of-cycle prediction performance capability 
is constructed. Then the hyper-parameters values that minimize its value 
are found using the search procedure of the Genetic Algorithm. The 
proposed cost function is constructed as follows. 

As discussed in Section 4.2, each of Cycle #1 to #6 serves as a Test set 
in a rotation through all six cycles. When Cycle j with Nj measured MCO 
points serves as the Test set, 48 neural networks were built by randomly 
partitioning the spline interpolated MCO data of the other five cycles 
into Training/Validation/Valid-2 set, which lead to 48 Nj-element arrays 
of modeled values. To measure the accuracy and robustness in predict-
ing this test cycle “j”, a total error for one cycle is defined as: 

TotErrj =
1
Nj

∑Nj

i=1

[(
yj,MODEL,i − yj,MEAS,i

)2
+ σ2( yj,MODEL,i

)]
(4)  

where yj,MODEL,i and σ2(yj,MODEL,i) are the average and variance of 48 
modeled output for the ith point in test cycle, where as the yj,MEAS,i is the 
measured value of this very point. Such a total error is defined in 
accordance to the Bias-Variance tradeoff principle (Geman et al., 1992), 
which provides practical value as not only the accuracy of prediction 
due to averaging, but also the variance of prediction due to random data 
partitioning. 

Averaging the total errors calculated for all the 6 cycles, the out-of- 
cycle total error is chosen as the cost function: 

TotErrOC =
1
6
∑6

j=1
TotErrj (5) 

Fig. 7. The Structure of Feedforward Neural Network.  

Fig. 8. Flowchart of Hyper-Parameter Optimization using Genetic Algorithm and Neural Network.  
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This cost function is an attractive way to measure the quality of out- 
of-cycle prediction, as it balances the total error for each cycle, which 
closely approaches the objective of predicting the MCO of the un-seen 
Cycle #7. The minimization of this cost function determines those 
values of the hyper-parameters (from which the features were built) that 
capture the in-core characteristics and their relationship to MCO over 
the six training and test cycles. 

Due to the interpolative nature of supervised machine learning, the 
optimized hyper-parameters and the features built from them will be 
accurate in predicting the MCO values for an un-seen cycle, assuming 
that cycle has the same physics and similar in-core parameters to the six 
training and test cycles, such as a similar thermal power, similar flow-
rate, and highly symmetric spatial distribution of process variables. 

It should also be noted that the same model may show large dis-
crepancies when used in extrapolation, such as when the feature values 
or desired output resides outside the boundary set by the training data, 
or when any new physics appear not captured in the training data. An 
example will be discussed in Section 5.2. 

4.3.2. Algorithm flowchart 
Combining the method of feature selection discussed in Section 3.2 

and the discussion of machine learning in this chapter, the flowchart for 
optimization using the Genetic Algorithm is shown in Fig. 8. Table 2 
shows some key parameters in the Generic Algorithm solver. The 
Number of Individuals governs the number of candidate solutions in 
each generation, where a larger value is required for higher precision of 
solution. The authors tried a series of values ranging from 64 to 1024, 
finding that the values beyond 150 has no effect on the precision. Thus, 
the Numbers of Individuals was selected to be 192 as it can fully utilize 
the 64 cores in the authors workstation. The default values from the 
MATLAB Global Optimization Toolbox (Mathworks) were used for other 
parameters, which is sufficient according to practical use, such as the 
optimization usually ends after approximately 130 generations, which is 
small compared to the Number of Max Generations value of 4700. 

It should be noted that due to the stochastic nature in the Genetic 

Algorithm, a single run of GA described in Fig. 8 may end with a local 
minimum value instead of global minimum. To this end, the GA was 
executed multiple times with different starting points and mutation 
pathways, which covers more search space of the hyper-parameter 
values and provides a greater likelihood of finding the global mini-
mum of the cost function. 

5. Results 

The optimization process discussed in Section 4 was implemented in 
the MATLAB environment. It can complete one execution of the flow-
chart shown in Fig. 8 in less than two days using a 64-core workstation 
as shown in Fig. 9. A set of generalizing features for both out-of-cycle 
test and un-seen cycle prediction was found, and it will be discussed 
in this chapter. 

5.1. Optimized hyper-parameters 

The Genetic Algorithm can perform more efficient auto optimization 
when the parameters are constrained to within a range. As a preliminary 
trial, the hyper-parameters shown in Eq. (1), Eq. (2) and Eq. (3) were 
given a numerical range of: 

n ∈ [− 5,+5]
m ∈ [− 5,+5]
a ∈ [0.01,+1]
b ∈ [0.01,+5]

(6)  

where a regulates the effect of control rod insertion: the control rod 
insertion has no effect when a = 1, and it will have maximum effect 
when a = 0, which gives a the range of [0, 1]; b is the exponential pa-
rameters of fractional Control Rod Insertion (R), and according to the 
engineering analysis the Qeff is positively correlated with R, thus b is 
positive; In addition to b, there are two other exponential parameters n 
and m for Effective Steam Quality (Qeff) and Liquid Velocity (VL) 
respectively, and since it is rare to observe any exponential relationship 
beyond 5th order in the physical world, the author limited all the 
exponential parameters to have an absolute value less than 5. 

As for the bundle groupings, the algorithm is given the upper bound 
of number of allowed groups, and the GA will automatically group the 
bundles according to what best reproduces MCO as it is impacted by 
spatial coverage of the steam separators. 

In this work, the features using different functional combination of 
process variable - and numbers of maximum bundle groups were 
examined. In addition, the authors conducted a sensitivity test similar to 
the previous paper (Wang et al., 2019) to examine the cost function 

Table 2 
Key Parameters in Genetic Algorithm Solver.  

GA Parameter Value Note 

Number of Individuals 
(Population Size) 

192 Optimized for parallel performance and 
precision 

Number of Max Generation 4700 Default, 100*Number of Variables 
Elite Count 10 Default, 0.05*Population Size 
Crossover Fraction 0.8 Default  

Fig. 9. The Cost Function History in one Hyper-parameter Optimization Cycle.  
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performance of one-node and two-node neural network. The best results 
were achieved for the one-node neural network with the best set of 
features found to be: 

xi =
∑

k∈Groupi

[
Qk⋅

(
0.32 + 0.68⋅R3.71

k

)]0.23⋅V4.14
L,k , i ∈ [1, 6]

xi+6 =
∑

k∈Groupi

[
Qk⋅

(
0.32 + 0.68⋅R3.71

k

)]− 1.25⋅V0.84
L,k , i ∈ [1, 6]

(7)  

where the Groupi, i ∈ [1,6] is the optimized bundle grouping scheme, as 
shown in Fig. 10. 

5.2. Out-of-cycle performance and prediction capability 

This set of features resulted in a minimized cost function with an out- 
of-cycle total error of 3.31 E-4. This value of cost function is similar to 
the square of MCO measurement uncertainty (Private communication 
wit, 2017), which indicates an overall agreement between the measured 
values and the out-of-cycle model outputs. The out-of-cycle test results 
are plotted in Fig. 11, with each cyan diamond showing the average 
output value from the 48 constructed neural networks when this 
particular cycle serves as Test set (yj,MODEL,iin Eq. (4)), and the error bar 
shows the standard deviation in the results (σ(yj,MODEL,i) in Eq. (4)). The 
total error and MSE (mean square error) are also calculated for each 
cycle as a reference, marked on top of each plot in Fig. 11. As a reference, 
Table 3 provides the average Training, Validation and Test set MSE 
when a particular cycle was left out as the Test set. In addition, the 

Fig. 10. The optimal fuel bundle grouping hyper-parameters found by ge-
netic algorithm. 

Fig. 11. The Out-of-Cycle Test Result using the Optimal Hyper-parameters Found by Genetic Algorithm.  

Table 3 
Out-of-cycle performance: Training, Validation and Test MSE with Statistics.  

Test Cycle Training MSE Validation MSE Test MSE Mean Variance Max Min 

Cycle #1 1.24E-4 1.22E-4 6.96E-4 7.94E-2 3.10E-3 1.52E-1 1.00E-2 
Cycle #2 1.39E-4 1.38E-4 2.52E-4 3.19E-2 1.55E-3 1.50E-1 5.00E-3 
Cycle #3 9.55E-5 1.04E-4 2.95E-4 6.13E-2 2.12E-3 1.85E-1 6.00E-3 
Cycle #4 1.46E-4 1.47E-4 2.85E-4 1.29E-2 1.19E-4 4.20E-2 2.00E-3 
Cycle #5 1.31E-4 1.46E-4 2.72E-4 5.16E-2 1.86E-3 1.53E-1 3.00E-3 
Cycle #6 1.35E-4 1.47E-4 1.35E-4 4.54E-2 6.27E-4 1.25E-1 9.00E-3  
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descriptive statistics (Mean, Variance, Max, Min) of the data in each 
cycle was provided for comparison purposes. This result exhibits an 
out-of-cycle total MSE of 3.23E-4, which is significantly smaller than the 
1.17E-3 out-of-cycle MSE using multi-variable linear regression instead 
of neural network. Meanwhile, this result is generally better compared 
to that in the author’s previous paper (Wang et al., 2019), where the 
control rod insertion was not considered, the exponential parameters 

were limited to integer, and fuel bundle groupings were manually 
selected. 

This set of features were also used in predicting the MCO of Cycle #7, 
which was not used in the model training and hyper-parameters opti-
mization process. The results for Cycle #7 possess characteristics that 
reflect both the success and limitation of the machine learning approach, 
which is discussed in the following Sections. 

5.2.1. Prediction on similar data and physics 
Cycle #7 shares a similar octagonally symmetric fuel loading with 

the other six training and testing cycles, and the in-core process vari-
ables (Q, VL, R) are octagonally symmetric (within 5% variation) in the 
early part of the power cycle (the first 30% of the cycle, which ends at 
the exposure mark 5500 MWd/ST), similar to that of the other six cycles. 
The trained model obtained for the six cycles was then used to predict 

Fig. 12. The Prediction Result of Cycle #7, which is not used in Hyper-paremeter Optimization Process.  

Table 4 
Prediction MSE and statistics of cycle #7.  

Cycle #7 
Exposure Range 

Prediction MSE Mean Variance Max Min 

<5500MWd/ST 9.97E-5 4.19E-2 7.46E-4 1.04E-1 1.00E-2 
>5500MWd/ST 7.23E-3 2.09E-1 6.01E-3 3.99E-1 1.49E-1  

Fig. 13. Asymmetric Process Variables in Cycle #7, Note the two fully inserted control rod in the 4th quadrant.  
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the MCO for the initial stage of operation for the un-seen Cycle #7. This 
appears in Fig. 12 as the cyan-color diamonds. The total prediction error 
is 9.97 E-5. This error is smaller than the optimized out-of-cycle total 
error 3.31 E-4 shown in Fig. 11 and smaller than the data variance 7.46 
E-4 shown in Table 4, which implies that there was no over-fitting in the 
six cycle training and optimization process, that is, the trained model 
does generalize. 

This result indicates that our machine learning approach can suc-
cessfully provide accurate prediction of MCO values for a new cycle, 
subject of course to the in-core physics there being consistent with that 
of the training data. 

5.2.2. Treatment of appearance of new physics 
At the end of the initial stage of operation, approximately at the 30% 

of the cycle span (at the exposure mark 5500 MWd/ST), Cycle #7 
experienced a fuel pin burst. To avoid further deformation of the failed 
fuel pin, the nearby control rod was fully inserted into the core to reduce 
the local thermal power level. The insertion of the rod yields a signifi-
cantly asymmetric distribution of the in-core process variables: about 30 
fuel bundles in the 4th quadrant of the core produces 30% less power 
than normal, which in turn yields 45% lower than normal steam quality 
exiting these fuel bundles, as shown in Fig. 13. The efficiency of the 
steam separators above this asymmetric local low power region will be 
adversely effected by the increased low quality steam mixture, resulting 
in an elevated MCO value. 

Importantly, such asymmetry of bundle power distribution and the 
associated high MCO value did not appear in any of the six cycles used in 
model training and optimization, i.e. the MCO and in-core process 
variables manifest new physics that was not captured in the optimized 
model. For this reason, it is not unexpected to see a biased prediction 
from the model, as shown in the red triangles in Fig. 12. Although 
prediction accuracy is reduced compared to the six cycles (with an MSE 
of 7.23 E-3 shown in Table 4), the trend is similar to the measured values 
on the last quarter of Fig. 12. This indicates that the optimized model is 
capable of partially representing the new physics relating the in-core 
process variables and the MCO. If the objective is to predict the MCO 
values with a burst pin in the core, the prediction capability could be 
improved by including additional data points gathered under the con-
dition of a burst pin for inclusion in the model training and hyper- 
parameter optimization process. 

6. Conclusions 

Accurate prediction of MCO values during the planning stage of a 
new power generating cycle is essential for BWR operators as part of 
optimizing the operational plan and avoiding turbine damage and 
elevated dose to on-site personnel. Given the large amount of data 
collected over the years of BWR operation, the physics-constrained AI 
technique presents itself as a promising way to model and predict MCO. 

In this paper we demonstrated that a predictive neural network 
model for MCO in GE BWR/4 reactors can be constructed using a 
parsimonious set of features identified through physics and engineering 
analyses, and that the model can be subsequently be fine-tuned to 
improve out-of-cycle predictive capability through data partitioning and 
hyper-parameter optimization. This model, which was validated against 
MCO values from a cycle that was not used in model training or hyper- 
parameter optimization, yields a high quality MCO prediction when the 
domain is within the training data range. The limitation of the predic-
tion capability outside the training range was also discussed. We are 
encouraged that this approach will allow even more accurate models to 
be constructed with the support of a more diverse training data set. 
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