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Abstract. Machine learning models applied to the time series forecasting problem are gaining interest among researchers
and the industry and energy systems. This work evaluates automated machine learning, and feature selection (RreliefF)
applied to time series forecasting for the United States nuclear power plants case study in a clustered dataset. This
research evaluated forecasting results in terms of different performance metrics, where the AutoML (Automated Machine
Learning) approach pipelined into the RreliefF algorithm presents promising results based on training and test datasets.
To achieve this goal, nuclear power generation patterns were divided into two groups using clustering. Subsequently, the
RReliefF algorithm is applied in each cluster, aiming to find the ideal number of features. To increase the precision of the
model, a normalization was performed on the energy generation data of each cluster individually, and their skewness and
kurtosis were measured and compared. The AutoML models that generated the best results using RreliefF are analyzed,
and the metrics of R ( Coefficient of Determination), MAE (Mean Absolute Error) and RMSLE (Root Mean Squared
Logarithmic Error) are obtained. Despite a small difference, the number of features of each cluster shows that there is
a difference in the generation of energy patterns, and that it is possible to generate accurate models of nuclear energy
generation through the analysis of generation time series.
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1. INTRODUCTION

With the continuous development of society, the energy demand has also increasingly increased with the increasing
economic development. It has led to an increasingly severe crisis of the exhaustion of the limited and nonrenewable fossil
energy reserves. At the same time, the extensive use of fossil energy in the past hundred years has led to global warming,
haze, and other environmental problems that have become increasingly prominent (Mi and Zhao, 2020). There has been
a global effort to actively develop clean, efficient, and sustainable renewable energy sources to support future economic
development to meet these challenges. The widely used new energy sources are solar energy, wind energy, tidal energy,
nuclear energy, and geothermal energy (Wang et al., 2016). Nuclear energy has been widely used worldwide because of
its wide distribution, high energy frequency, and constant generation.

Electricity generation from commercial nuclear power plants in the United States of America began in 1958. At the
end of December 2020, the United States had 94 operating commercial nuclear reactors at 56 nuclear power plants in 28
states. The average age of these nuclear reactors is about 39 years old. The oldest operating reactor, Nine Mile Point
Unit 1 in New York, began commercial operation in December 1969. The newest reactor to enter service, Watts Bar Unit
2, came online in 2016—the first reactor to come online since 1996 when the Watts Bar Unit 1 came online. According
to the U.S. Nuclear Regulatory Commission, as of November 2019, 23 shut down commercial nuclear power reactors
at 19 sites in various stages of decommissioning. U.S. nuclear electricity generation capacity peaked in 2012 at about
102,000 MW when there were 104 operating nuclear reactors. At the end of 2020, 94 operating reactors with a combined
generation capacity of about 96,555 MW. From 2014 through 2018, annual nuclear generation capacity and electricity
generation increased each year even as the number of operating reactors declined. Power plant uprates—modifications to
increase capacity—at nuclear power plants have made it possible for the entire operating nuclear reactor fleet to maintain
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a relatively consistent total electricity generation capacity. These updates, combined with high-capacity utilization rates
(or capacity factors), helped nuclear power plants maintain a consistent share of about 20% of total annual U.S. (United
States) electricity generation from 1990 through 2019. Some reactors also increased annual electricity generation by
shortening the time reactors are offline for refueling.

Researchers have developed methods for predicting power generation for NPPs (Nuclear PowerPlants) to assist in
decision making. Papers as Moshkbar-Bakhshayesh (2020), Aizpurua et al. (2019) and Radaideh et al. (2020) help to see
the need for methods to predict different types of events in critical structures like NPP’s. However, traditional machine
learning methods cannot extract feature information of time series from data in detail because they lack deep extraction
capabilities (Duan et al., 2021). According to their energy generation pattern, the 96 plants used in this study were divided
into two clusters to achieve this goal. RreliefF was used in each of them to make the Feature Selection, aiming to extract
the most significant variables for each cluster model. After that, there was an application of AutoML using the Coefficient
of Determination as a measure to generate an efficient energy model forecasting.

The remainder of this paper is organized as follows. Section 2 presents the related works, Section 3 the material and
methods used, and the data set. Section 4 discusses the results obtained, and Section 5 presents conclusions, remarks, and
future research directions.

2. RELATED WORKS

For related works, we selected those that dealt with the prediction of nuclear energy (preferably) from 2016 onwards,
except for Menyah and Wolde-Rufael (2010). In Radaideh et al. (2020) the researcher uses deep learning expert systems
to model and predict the time series progression of a design-basis nuclear accident, featuring a loss of coolant accident.
This work accomplishes two significant findings: first, train expert systems with high accuracy, which could help nu-
clear power plant operators figure out plant responses during the accident. Second, building fast, efficient, and accurate
deep models to simulate nuclear phenomena, which could be valuable to computational nuclear science. In the work of
Moshkbar-Bakhshayesh (2020) cross-correlation of measurable/unmeasurable parameters of nuclear power plants (NPPs)
are detected. Correlation techniques including Pearson’s, Spearman’s, and Kendall-tau give appropriate input parameters
for training/prediction of the target unmeasurable parameters. The case study target parameters used are fuel and clad
maximum temperatures of uncontrolled withdrawal of control rods (UWCR) transient of Bushehr nuclear power plant
(BNPP). Different model-free methods, including decision tree (DT), feed-forward back propagation neural network (FF-
BPNN), accompany with different learning algorithms (i.e., gradient descent with momentum (GDM), scaled conjugate
gradient (SCG), Levenberg-Marquardt (LM), and Bayesian regularization (BR)), and support vector machine (SVM) with
different kernel functions (i.e., linear and Gaussian functions) are employed to predict the target parameters. In both
works, despite the excellent performance of the metrics of the machine learning models, feature selection and automated
machine learning is not used. Menyah and Wolde-Rufael (2010) consider a different approach: His study explores the
causal relationship between carbon dioxide (CO?) emissions, renewable and nuclear energy consumption, and real GDP
for the U.S. for the period 1960-2007. Using a modified version of the Granger causality test, he founds a unidirectional
causality running from nuclear energy consumption to CO? emissions without feedback but no causality running from
renewable energy to CO? emissions, showing the use of nuclear energy time series for correlations. Wolde-Rufael (2010)
uses a similar approach, attempting to examine the dynamic relationship between economic growth, nuclear energy con-
sumption, labor, and capital for India for the period 1969-2006. Applying the bounds test approach to cointegration,
he finds a short and long-run relationship between nuclear energy consumption and economic growth. Using four long-
run estimators also found that nuclear energy consumption has a positive and a statistically significant impact on India’s
economic growth.

It Dian-Gang et al. (2018), establishes the simulation model of the transaction plan that meets the energy-saving power
generation dispatching by using the time series simulation method, considering the factors such as the output character-
istics, load characteristics, and peak shaving characteristics of various energy sources. In Jawad ef al. (2020) ’s research
uses different supervised learning algorithms, including multiple linear regression, support vector regressors with different
kernels, k-nearest neighbors, Random Forest and AdaBoost to forecast the time series data. However, the performance
of these algorithms is data-dependent on the correlated meteorological parameters of the specific region. Similarly, in
Aizpurua et al. (2019)] presented a novel transformer condition approach integrating uncertainty modeling, data-driven
forecasting models, and model-based experimental models to increase prediction accuracy and handle uncertainty. These
are done not for energy generation but to quantify measurement errors on transformer predictions and confirm that tem-
perature and load measurement errors affect the estimation.

Developing an accurate and reliable multi-step ahead prediction model is a critical problem in many Prognostics
and Health Management (PHM) applications. Inevitably, the further one attempts to predict the future, the harder it
is to achieve an accurate and stable prediction due to increasing uncertainty and error accumulation. In Nguyen et al.
(2020), this problem is addressing by proposing a prediction model based on Long Short-Term Memory (LSTM), a deep
neural network developed for dealing with the long-term dependencies in time-series data. His proposed prediction model
also tackles two additional issues: Firstly, a Bayesian optimization algorithm (called Tree-structured Parzen Estimator)
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automatically tunes the hyperparameters (like this research, using AutoML - Automated Machine Learning). Secondly,
the proposed model allows assessing the uncertainty on the prediction. A case study considering steam generator data
acquired from different french nuclear power plants was carried out to validate the performance of the proposed model.

The last paper of this related works section proposes a novel hybrid ensemble learning paradigm integrating ensem-
ble empirical mode decomposition (EEMD) and least squares support vector regression (LSSVR) for nuclear energy
consumption forecasting. It is based on the principle of "decomposition and ensemble" This hybrid ensemble learning
paradigm is explicitly formulated to address difficulties in modeling nuclear energy consumption, which has inherently
high volatility, complexity, and irregularity (Tang et al., 2012). Within the scope of the studies analyzed, despite the con-
stant use of the nuclear energy datasets for forecasting, techniques such as AutoML and RreliefF are hardly used. Their
combination can generate highly efficient models for predicting NPP’s energy generation.

3. MATERIAL AND METHODS
3.1 Dataset

The raw dataset used for this research was obtained from the U.S. Energy Information Administration (2021) page,
and the version used in this study is available on Kaggle !, for future research. The whole dataset contains the power
generation from nuclear power plants in the United States of America, separated by federation between January 2013 and
November 2020. Its robust data comprises nine files containing monthly energy generation, separated by nuclear power
plants in each US state. They also have information about the names of the states, the powerplants, their identifier, and
utilization factor. Generation is measured in MHw (monthly) between 2013 to 2020.

The original dataset is composed of the following fields: "State" (the US state where the powerplant is located), "Plant
ID" (the powerplant identification number), "Unit ID" (the powerplant unit identification, for each state), months from
January to December describing the amount of energy generation in TW/h (Terawatts-hour) and the "Utilization Factor"
field, that describes how effectively (how well are utilized) are thermal neutrons absorbed in the fuel.

For his forecasting study, data from one year of energy production (2020) were used, with this year subdivided into the
total monthly amount, with a very short-term forecast (1 month), and the data divided into training (70%), testing (15%),
and validation (15%).

3.2 Feature Engineering and Preprocessing

For the development of this work, not all fields in the data set were used. As the objective was to predict the generation
of energy, it was necessary to apply feature engineering, aiming to separate only the most essential fields (at first) and
increase the accuracy rate of the model.

It began with the creation of a sequential numeric field to identify the records ("Powerplant ID") since the fields "Plant
ID" and "Unit ID" had repetitions between them, being unique only in the composition of both. After this, the fields
"State" and "Unit ID" were removed, and "Plant ID" and "Utilization Factor" were separated for use in the preprocessing
of the dataset. So for the forecast data set, there were only the months and the power generation in TW/h. Table 1presents
the descriptive statistics of each month used (after normalization between 0 and 1 range).

Descriptive Statistics 0 1 2 3 4 5 6 7 8 9 10 11

Count 89 89 89 89 89 89 89 89 89 89 89 89

Mean 0.57 0.73 066 063 0.68 074 074 065 0.67 065 0.69 0.5
Standard Deviation 024 018 025 026 023 017 0.17 023 022 027 022 023
Minimum 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00 0.00
First Quartile 040 0.64 057 048 0.62 0.66 065 051 055 045 063 041
Median 0.63 0.74 069 068 0.69 0.76 076 0.67 0.69 0.70 0.72 0.56
Third Quartile 0.76 0.87 087 086 0.86 087 088 0.84 0.84 087 087 0.73
Maximum 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00 1.00

Table 1. Normalized dataset statistics

In Table 1, the number O represents January, number 1 February, and so on until 11 (December). Once the data were
already normalized and the features adjusted, for the preprocessing phase, the following techniques were applied: the
white noise test to verify that the data set was suitable for pattern prediction, skewness to measure the symmetry of the
distribution frequency, kurtosis to measure the shape of the flattening of the curve of the probability distribution function
and the Yeh-Johnson power transformation to stabilize variance, make the data more normal distribution-like, improve
the validity of measures of association such as the Pearson correlation between variables and for other data stabilization

Thttps://www.kaggle.com/jorgesandoval/us-nuclear-powerplant-energy-generation
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Figure 1. One year of montly normalized energy generation, from January to December to each reactor

In signal processing, white noise is a random signal having equal intensity at different frequencies, giving it a constant
power spectral density that (Carter, 2013). In time series, white noise is defined by a zero mean, constant variance, and
zero correlation (Box and Jenkins, 2015). Table 1 shows that the mean is not zero and the variance change over time, and
Figure 1 shows that the series is random.
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Figure 2. Correlation between lagged variables

To finish the white noise test, the correlogram (details in Figure 2) does not show any obvious autocorrelation pattern,
which permanently rules out the possibility of white noise. Predictions are impossible in white noise time series, but it is
possible to improve the model in this case.

Skewness is a measure of the asymmetry of the probability distribution of a real-valued random variable about its
mean. The skewness value can be positive, zero, negative, or undefined. The skewness of a random variable X is the third
standardized moment i3, and it is defined as (Brown, 2020):

3 =E

3
(X_u)]_ﬁ_ et o)
3 3/2 —  3/2

o o EIX ) s

where p is the mean, o is the standard deviation, E is the expectation operator, 3 is the third central moment, and %
are the 7-the cumulants. The dataset used in this study presented a skewness of -0.91, meaning that even if it is considered
moderately asymmetric (between -0.5 and -1), it is still a very close asymmetry limit (-1), indicating the possibility of
improvements through power transformation functions.

Kurtosis is a measure of whether the data are heavy-tailed or light-tailed relative to a normal distribution. Data sets
with high kurtosis tend to have heavy tails or outliers. Datasets with low kurtosis tend to have light tails or a lack of
outliers. A uniform distribution would be the extreme case. The definition of the kurtosis formula for univariate data, as
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where Y is the mean, s is the standard deviation, and N is the number of data points (Sharma and Bhandari, 2015). A
0.64 kurtosis value was calculated for this research dataset, indicating a low tail (not too many outliers). However, it is
possible to improve measurements again with a power transformation function.
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Figure 3. Data distributions from january to december to each reactor

It is possible to observe that except for month 12 (December), the rest of the distribution tends to a right tail, and it
is not gaussian in its structure, in the Figure 3. That is why is used a power transformation function after the clustered
dataset. It was helpful in stabilize variance, make the data more normal distribution-like, improve the validity of measures
of association such as the Pearson correlation between variables, and for other data stabilization procedures.

Yeo and Johnson (2000) have proposed an new family of distributions that can be used without restrictions on that
have many of the good properties of the Box-Cox power family. These transformations are defined by:

(y+D*=1) /A ifA#0,y>0

_ ) log(y+1) ifA=0,y>0
vhy) = Sly 42— A—D] /2N ifA£2,y<0 3)

—log(—y+1) ifAa=2y<0

If y is strictly positive, then the Yeo-Johnson transformation is the same as the BoxCox power transformation of
(y + 1). If y is strictly negative, then the Yeo-Johnson transformation is the Box-Cox power transformation of (—y + 1),
but with power 2— \. With both negative and positive values, the transformation is a mixture of these two; then different
powers are used for positive and negative values (Weisberg, 2001). In this study, Yeh-Johnson power transformation was
the best option because some negative values presented during the dataset preprocessing.

3.3 Clustering

The unsupervised classification process (clustering) is used to classify and place the data with similar characteristics
in the same groups (Zahra et al., 2015). K-means clustering is widely used for data sets classification in K cluster. Despite
the simplicity and power of discovering the hidden patterns of the data set and the great convergence rate of K-means
clustering in achieving the optimal focal point, the use of this method is limited. These limitations are due to introducing
the number of clusters (k) before the clustering starts and the random selection of cluster centers (Afshoon et al., 2021).
The steps of data classification using the K-means method are as follows:

1. The user selects the number of clusters;
2. k points which are the centers of the clusters are selected randomly;

3. Comparing the distance of the available data with each of the cluster centers, the data are placed in the closest
cluster;

4. The cluster centers are updated according to the mean of the cluster centers;
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5. Based on the new center, the data will be classified again. In this case, one point may be placed in another new
cluster;

6. Steps 3, 4, and 5 will be repeated until the centers are fixed, and the clusters converge.

For this study, the solution used a clustering algorithm to separate nuclear reactors based on its utilization factor and
powerplant identification, with the help of silhouette and elbow functions.

3.4 Feature Selection

ReliefF and its counterpart for dealing with regression data, i.e., RReliefF (Kononenko et al., 2000), are the most
implemented Relief Based Algorithms (RBA) (Urbanowicz et al., 2018). RReliefF works with continuous y, and similar
to ReliefF, RReliefF also penalizes the predictors that give different values to neighbors with the same response values
and rewards predictors that give different values to neighbors with different response values. However, RReliefF uses
medium weights to compute the final predictor weights.

Given two nearest neighbors, assume the following:

* Wy, is the weight of having different values for the response y.
* Wy, is the weight of having different values for the predictor F}.

* Waynaj 1s the weight of having different response values and different values for the predictor .

RReliefF first sets the weights Way, W4, Waynaa; , and W) equal to 0. Then, the algorithm iteratively selects a random
observation ., finds the k-nearest observations to x,., and updates, for each nearest neighbor z, all the intermediate
weights as follows:

Way" = Wdylil + Ay (T, Tg) - drg

Wéj = W;jil 4+ Aj (Tr,2q) - drg

Wiyndgj = Wé;Aldj + By (2, mq) - A (X0, 2q) - drg

The i and ¢ — 1 superscripts denote the iteration step number. m is the number of iterations specified by "updates’.
Ay (xr, z4) is the difference in the value of the continuous response y between observations x, and 4. Let y, denote the
value of the response for observation z,, and let y, denote the value of the response for observation z,. (Robnik-Sikonja
and Kononenko, 1997)

o |y7' - yq‘
B te) = )~ min(y) @

Aj (xr,x4) and d, 4 functions are the same as for ReliefF, but RReliefF calculates the predictor weights W after fully
updating all the intermediate weights.

Wayndgj — Waj — Wayng

W; =
J Wdy m — Wdy

&)

Relief algorithms are general and successful attribute estimators. They can detect conditional dependencies between
attributes and provide a unified view on the attribute estimation in regression. (Robnik and Konenko, 2003)

3.5 Forecasting Model

In this work, there was the application of AutoML to short-term electric load forecasting tasks. According to Wang
etal. (2019), from a data science perspective, the biggest challenge is to develop advanced pipelines of algorithms covering
anumerical dynamic data application (real-time, optimized decision making). This pipeline would enable the development
of a highly advanced level of decision-making, which is impossible to attain for human experts on their own. Thereby,
AutoML contributes to the human capital skills in the field of short-term electric load forecasting. This study used the
auto-sklearn AutoML system and its workflow presents in Figure. 4

Auto-sklearn uses Bayesian optimization on top of SciKit-learn for generating machine learning pipelines. Auto-
sklearn uses SMAC (Sequential Model-Based Algorithm Configuration) (Hutter et al., 2011) as the underlying Bayesian
optimization method to optimize the machine learning pipeline preprocessing automatically and postprocessing method
selection, model selection, and hyperparameter optimization. SMAC is a general-purpose automatic algorithm config-
urator and thus not limited to be used in the context of AutoML. It uses random forests as surrogate models combined
with an expected improvement criterion for selecting candidate configurations. The update of the surrogate model occurs
throughout the sequential optimization process, which tends to be slow initially, but usually shows good performance over
time (Feurer et al., 2015).
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Figure 4. Auto-Sklearn workflow

3.6 Performance Criteria

To measure the model generated by AutoML, three performance criteria: the Coefficient of Determination (122), Root
Mean Squared Logarithmic Error (RMLSE), and the Mean Absolute Error. The R2, is used to analyze how differences
in one variable can be explained by a difference in a second variable and was the base metric for the AutoML algorithm
used in this study, as shown in the equation. 6

L aEw) -9 ©®
JrE e =] [15ee - (S0

In this equation, r represents the correlation coefficient, x the values in the first set of data, y the values in the second set
of data ,and n the total number of values. The value of R? increases after adding a new variable predictor, and it might not
be associated with the result or outcome. The R? , which was adjusted, will include the same information as the original
one, and the number of predictor variables in the model gets penalized. In short terms, the coefficient of determination
(R?) calculates the ratio of the variation of the predicted value described by the actual value (Mwangi et al., 2021).

The second metric, the RMSLE, compares the activity concentrations predicted and the observed activity concentra-
tions. The advantage of RMSLE is that it does not penalize significant differences in the modeled and the observed values
when both modeled and observed values are large numbers (Dacre et al., 2020).

1
log,o(RMSLE) = N Z [logy (1) — logyg (%)]2 )

t=1

In the equation 7, x; is the observed concentration ,and y; is the simulated concentration at time ¢. This is calculated
using N concentration values, when both x, and ¥, are non-zero. Subtracting two log-transformed values is equivalent to
the log of the ratio of the value.

The last performance criteria measures the average magnitude of absolute differences between N predicted vectors
S =ux1,x2,....,xxy and S = y1,ys, ..., YN, the corresponding loss function is defined as shown in equation 8:

N
N 1
Lyae (S,5) = N ; lzi — yilly ®)
where Il - ll; denotes L; normalization (Qi ef al., 2020). These three performance criteria ensure that the model

generated in this study measured both the correlation rate and the errors between the predicted and current values.
4. RESULTS ANALYSIS

This section presents the application of Automated Machine Learning, pipelined into a RreliefF feature selection algo-
rithm for nuclear power plants energy generation. The forecasting data frame consisted of a self-incrementing identifier,
the powerplant identifier, and the months from January to December. These were all fields in the original data set. The
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creation of the columns "Mean" and "Median" assists in observing the data based on each row’s mean and median. The
first action taken was removing columns that would not be used (State, Unit ID, and Plant Name). December was a null
column in the 2020 data set, so its entries were composed of the average of the records from January to November.

This study used two dataframes from the original data: one for the forecast of values and another for clustering the
nuclear powerplants. After these steps, clustering was performed, with the objective of dividing the data into groups that
have a more similar pattern of energy generation. The dataset was tested using two functions, the elbow function and the
silhouette function.

(a) &)

0.8

Score

0.6

a.5

1 2 3 4 5 6 7 8 9 10 11 2 3 4 s & 7 8 9 1w 1
Number of Clusters Number of Clusters

Figure 5. Elbow function (a) and Silhouette function (b) results for eleven clusters.

The figure 5 shows the results of the two functions applied to the dataset. Both functions have an ideal number of
clusters out of 5. This number was tested, but it was found that the AutoML model maintains accuracy even with the
division into 2 clusters, which shows that the sudden drop in inertia is the factor that really influences the accuracy of the
model.

After dividing the dataset into groups, feature selection and AutoML were applied to each of them, being identified as
Cyp (Cluster 0) and C; (Cluster 1) for the purposes of this study. Once they were clustered, the data were again submitted
to statistical analysis; and the Cy had values of 1.65 Skewness and 2.07 Kurtosis. The C; had Skewness of 1.8 Kurtosis
of 2.44, and in both cases, a normalization was necessary, aiming to increase the precision of the AutoML model to be
generated later. After normalization, the Cy cluster had Skewness and Kurtosis at -0.57 and 0.01; and cluster C; -0.53 and
-0.01, respectively.

Feature Selection tests were performed after normalization, and the objective was to find, for each of the clusters, the
number of features needed to generate the model as accurately as possible. to achieve this goal, the AutoML was wrapped
in the RReliefF technique, to find out which was the most suitable combination for each cluster. The Table 2 presents this
results, the coefficient of determination (R2) for each feature in each cluster, to a maximum total of 11.

Co Cl
Train Test Valid Train Test Valid

1 047 032 032 071 052 052
2 092 071 071 094 039 0.39
3 094 083 083 094 0.65 0.65
4 093 076 076 098 0.81 0.81
5 097 053 053 098 077 0.77
6 097 08 08 098 096 0.96
7 09 082 082 099 095 095
8 098 098 098 099 097 097
9 097 088 088 099 099 099

10 097 093 093 099 099 0.9
11 099 099 099 099 098 098

Table 2. R? train, test and valid for each feature in both clusters.

A behavior that can be observed is that in cluster Cy (which has less defined patterns) the best results are achieved only
using 11 features, with an improvement that starts with 6 features and grows alternately, maintaining a high difference
between the number of initial and final features (13%). In cluster C; the values also start to improve after 6 features, but
the growth is much more continuous and shorter, with a difference of only 3% between the best (9) and the worst (11)
number of features.

Once the best number of features for each of the clusters was found, the model with the best results for each of them
was run and its metrics were analyzed, as shown in Table 3. For cluster Cy, 11 features were used, while 9 were used for
cluster C;. As shown in Table 3, the division of energy generation patterns into clusters allowed a closer fit of the model,
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Cy (11 Features) C; (9 Features)
Train Test Valid Train Test Valid
R2 0.99 099 099 099 099 0.99

MAE 0.005 0.02 0.02 0.007 0.01 0.01
RMSLE 0.02 0.03 0.03 0.009 0.02 0.02

Table 3. R2, MAE and RMSLE train, test and valid for 11 and 9 features in both clusters.

allowing for greater precision.
5. CONCLUSIONS

The generation of nuclear energy follows patterns that vary from one plant to another, depending on its activity. Some
generation patterns are more constant, others more erratic. However, with clustering methods it is possible to define these
patterns, and with techniques such as Feature Selection and AutoML the power generation pattern can be identified and
predicted.

AutoML proved to be able to predict trends in the two clusters used in this study, as well as Feature Selection methods
were able to successfully identify the most important variables to be used. Thus, it is concluded that these techniques
together can efficiently predict the energy generation of nuclear power plants, and that clustering increases the percentage
of correctness of the models, by efficiently separating the generation patterns.
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