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ABSTRACT 

Combining different physical and / or statistical predictive 

algorithms for Nuclear Power Plant (NPP) components into 

an ensemble can improve the robustness and accuracy of the 

prediction. In this paper, an ensemble approach is proposed 

for prediction of time series data based on a modified 

Probabilistic Support Vector Regression (PSVR) algorithm. 

We propose a modified Radial Basis Function (RBF) as 

kernel function to tackle time series data and two strategies 

to build diverse sub-models of the ensemble. A simple but 

effective strategy is used to combine the results from sub-

models built with PSVR, giving the ensemble prediction 

results. A real case study on a power production component 

is presented. 

1. INTRODUCTION 

Combining various data-driven approaches into an ensemble 

is a relatively recent direction of research, aimed at 

improving the robustness and accuracy of the final 

prediction. The models which compose the ensemble are 

called sub-models. Various strategies have been proposed 

for building sub-models, including error-correcting output 

coding, Bagging, Adaboost, and boosting (Kim, Pang, Je, 

Kim & Bang, 2003; Hu, Youn, Wang & Yoon, 2012). 

Similarly, several methods for aggregating the prediction 

results of the sub-models have been proposed, such as 

majority vote, weighted vote, Borda count, Bayes and 

probabilistic schemes, etc (Polikar, 2006).  

Support Vector Machine (SVM) is a popular and promising 

data-driven method for prognostics. SVM-based ensemble 

models have been proposed for classification. Chen, Wang 

and Zuylen (2009) use ensemble of SVMs to detect traffic 

incidents. The sub-models use different kernel functions and 

parameters, and their outputs are combined to improve the 

classification performance. Acar and Rais-Rohami (2009) 

treat the general weighted-sum formulation of an ensemble 

as an optimization problem, and then minimize an error 

metric to select the best weights for the sub-models of SVM. 

Kurram and Kwon (2013) try to achieve an optimal sparse 

combination of the sub-model results by jointly optimizing 

the separating hyperplane obtained by each SVM classifier 

and the corresponding weights of sub-decisions. Valentini 

and Dietterich (2003) prove that an ensemble of SVMs 

employing bagging of low-bias algorithms improves the 

generalization power of the procedure with respect to single 

SVM. The ensemble of SVMs built with bagging and 

boosting can greatly outperform a single SVM in terms of 

classification accuracy (Kim et al., 2003). 

SVM can also be treated as a Bayesian inference problem 

with Gaussian priors. The Maximum A Posteriori (MAP) 

solution to this problem can contextually give an estimate of 

the model parameters and also of the underlying function 

(Sollich, 1999). Within the Bayesian treatment of SVM, an 

error bar for the prediction, i.e. the variance of the predicted 

outcome, can also be obtained (Liu et al., 2012). This 
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Bayesian interpretation of SVM for regression is called 

Probabilistic Support Vector Regression (PSVR). 

In this paper, we focus on the combination of multiple 

PSVR sub-models (Liu, Seraoui, Vitelli & Zio, 2012). The 

case study addressed in this paper concerns the monitoring 

of a component in the Reactor Coolant Pump (RCP) of a 

Nuclear Power Plant (NPP), with real data collected from a 

sensor.  

 An ensemble model of PSVRs is proposed in this paper 

with a dynamic weighting strategy. The elements of novelty 

of the method here proposed are various. In the previously 

mentioned ensembles of SVMs, all the weights were 

calculated during the training part and fixed for testing. 

However, a sub-model may perform well only on a part of 

the data set. Hence, the weights need to be updated 

considering the different data sets involved in the case study, 

and even different input vectors. A dynamic weighting 

strategy, based on local fitness calculation (Baudat & 

Anouar, 2003) is proposed in this paper. A dynamic 

weighting method is also used in Muhlbaier, Topalis and 

Polikar (2009), Yang, Yuan and Liu (2009) and Razavi-Far, 

Baraldi and Zio (2012), to add a new classifier to the 

ensemble model, but weights are not adjusted to the 

different input vectors. Moreover, in order to build an 

ensemble of PSVRs on different failure scenarios, a 

modified Radial Basis Function (RBF) is also proposed and 

used in this paper. In addition, a simple but efficient 

aggregating method is proposed to combine the outputs of 

the sub-models, including predicted values and associated 

error bars. Finally, two different strategies are proposed to 

form the training data set of each sub-model on the basis of 

the characteristics of the data. All the novel strategies are 

tested in the case study concerning a component of the RCP 

in a NPP. 

The rest of the paper is organized as follows. Section 2 

gives details about the proposed ensemble approach and a 

modified RBF. Section 3 illustrates the case study, the 

available data and how the two proposed ensemble models 

are constructed. Section 4 presents the experimental results 

from the PSVR ensemble models and describes the 

comparison with a single PSVR model. Finally, conclusions 

with some considerations are drawn in Section 5. 

2. DYNAMIC-WEIGHTED PSVR-BASED ENSEMBLE 

The strategy underlying the use of ensemble-based methods 

in prediction problems is to benefit from the strength of 

different sub-models by combining their outputs to improve 

the global prediction performance if compared to the result 

of a single sub-model.  

In this section, we give details about the proposed Dynamic-

Weighted PSVR-based Ensemble (named DW-PSVR-

Ensemble in short). 

2.1. Probabilistic Support Vector Regression 

Depending on the choice of the loss function, we can define 

different Gaussian versions of PSVR. The PSVR approach 

proposed in the previous work (Liu et al., 2012) and used in 

the ongoing research makes use of the ɛ-insensitive Loss 

Function, which enables a sparse set of support vectors to be 

obtained. 

2.1.1. PSVR with ɛ-Insensitive Loss Function 

With limited length of the paper, we do not give 

mathematical details on the derivation of the PSVR 

approach that can be found in Gao, Gunn, Harriset and 

Brown (2002). But it is very important to recall that the 

output of PSVR is a Gaussian distribution of the predicted 

value. 

2.1.2. Modified Radial Basis Function Kernel 

The kernel function enables the mapping of an input vector 

in a higher-dimensional Reproducing Kernel Hilbert Space 

(RKHS). By calculating pairwise inner products between 

mapped samples, kernel functions return the similarity 

between different samples. In fact, only kernels that fulfill 

Mercer’s Theorem (i.e. the kernel matrix must be positive 

semi-definite) are valid ones and, thus, can be used in SVM 

(Minh, Niyogi and Yang, 2006). The most common kernel 

functions include the linear kernel function, the polynomial 

kernel function and the Radial Basis Function (RBF). 

In all these popular kernel functions, different inputs, i.e. 

different elements of x(t), are treated equally in computing 

the inner product involved in RBF. For time series data, H 

historical values of the time series are normally chosen as 

inputs according to the partial autocorrelation analysis 

results. These values have, of course, different correlation 

structures with respect to the output. In order to reflect this 

difference, a modified RBF is proposed in this paper.  

Supposing two input vectors  𝒙(𝑖)  and 𝒙(𝑗) , in order to 

calculate the inner product of these two input vectors in 

RKHS, the traditional RBF is 𝐾(𝒙(𝑖), 𝒙(𝑗)) = exp (−
‖𝒙(𝑖)−𝒙(𝑗)‖2

2𝛾2
) ， 

with γ  the width of the kernel given  by particular 

optimization algorithm, and the proposed modified RBF is 

𝐾(𝒙(𝑖), 𝒙(𝑗)) = exp (−
〈𝑪𝑎

𝟐,(𝒙(𝑖)−𝒙(𝑗))
𝟐

〉

2𝛾2
)  . In general, 𝑪𝑎 =

(𝐶1, … , 𝐶𝐻) denotes the correlation between each input and 

the output, in our case between different temporal lags and 

the output of time series data. Suppose 𝑨𝒊 = [𝑥𝑖(𝑡)], 𝑩 =
[𝑦(𝑡)] , with 𝑥𝑖(𝑡)  the i-th input of 𝒙(𝑡)  and 𝑡 = 1, … , 𝑀 . 

Then,  𝐶𝑖   is the correlation between 𝑨𝒊 and 𝑩, and so the 

correlation between 𝑥𝑖(𝑡)  and 𝑦(𝑡) . As 𝑪𝑎  is constant for 

each sub-model, it is easy to prove that the modified RBF 

satisfies Mercer’s Theorem. Thus, the modification of the 

RBF does not change the theoretical results on which the 

PSVR method is based.  
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By giving different weights to different inputs in the input 

vector, we can reduce the influence of the inputs less 

correlated with the output and make the more correlated 

ones more significant in the relation between the inputs and 

the output. Another advantage of the modified RBF is 

illustrated in Section 3, when dealing with multiple time 

series data. 

2.2. Ensemble-Based Approach 

An ensemble-based approach is obtained by training diverse 

sub-models and, then, combining their results with given 

strategies. It can be proven that this can lead to superior 

performance with respect to a single model approach (Bauer 

& Kohavi, 1999). A simple paradigm of a typical ensemble-

based approach with N sub-models is shown in Figure 1. 

Ensemble models are built on three key components: a 

strategy to build diverse models; a strategy to construct 

accurate sub-models; a strategy to combine the outputs of 

the sub-models in a way such that the correct predictions are 

amplified, while the incorrect ones are counteracted. We 

focus here on the latter. Proper strategies to build diverse 

and accurate sub-models are described in relation to the case 

study. 

In the DW-PSVR-Ensemble that we are proposing, the sub-

models are built using the PSVR model presented in Liu et 

al. (2012). The reason for not using other data-driven 

approaches, including other SVMs, lies on the special 

output structure of PSVR. The output of each sub-model 

built with PSVR contains a predicted value and the 

associated variance, assuming that the predicted value 

follows a Gaussian distribution.  

 

Figure 1.  Paradigm of a typical ensemble method. 

A dynamic weighted-sum strategy is proposed to combine 

the outputs of the sub-models. As mentioned in Section 1, 

different methods can be applied to calculate the weights for 

the sub-models. In the methods that can be found in the 

literature, the weights are normally fixed after the ensemble 

model is built. They are only updated when new sub-models 

are added to the ensemble or when some sub-models are 

changed. In some real applications with fast changing 

environmental and operational conditions, the performance 

of the ensemble model may degrade rapidly. This 

degradation is not always caused by the low robustness or 

capability to adapt of the ensemble model, but can be due to 

the fact that the best sub-models are not given proper 

weights. In this paper, a dynamic weighting strategy is thus 

proposed. The weights are no longer constant during the 

prediction, but dependent on the input vector. They are 

recalculated each time a new input vector arrives. Inspired 

by the work of Baudat and Anouar (2003) and considering 

the characteristics of PSVR, a local fitness calculation is 

implemented in this paper to calculate weights of different 

sub-models for each input vector. 

2.2.1. Local Fitness Calculation 

In Baudat and Anouar (2003), the authors define a global 

and local criterion to characterize the feature space in SVM. 

The proposed local fitness can describe the linearity 

between the mapping of a new input vector and the mapping 

of all the Feature Vectors (FVs) of the model: if a linear 

combination of the mapping of the FVs can better approach 

the mapping of the new input vector, the model gives better 

approximation of the output of the new data point; otherwise, 

the model performs worse for this data point. Thus local 

fitness can be implemented to derive the weight of each sub-

model for each input vector.  

Suppose (𝒙𝑖 , 𝑦𝑖) , for 𝑖 = 1, 2, … , 𝑀  are the training data 

points, and the mapping φ(𝒙)  maps each input vector 𝒙𝑖 

into RKHS with the mapping 𝝋𝑖, for 𝑖 = 1, 2, … , 𝑀. 𝑘𝑖,𝑗 =

𝑘(𝒙𝑖 , 𝒙𝑗) is the inner product between 𝝋𝑖 and 𝝋𝑗. The FVs 

of this model, selected with the method proposed in Baudat 

and Anouar (2003), are { 𝒙1, 𝒙2, … , 𝒙𝐿 }, with the 

corresponding mapping S =  { 𝝋1, 𝝋2, … , 𝝋𝐿 }. 𝝋𝑁  is the 

mapping of the new input vector 𝒙𝑁. According to Baudat 

and Anouar (2003), the calculation of the local fitness of 

this new input vector amounts to finding 

{𝑎𝑁,1, 𝑎𝑁,2, … , 𝑎𝑁,𝐿}, which gives the minimum of Eq. (1). 

𝛿𝑁 =  
‖𝝋𝑁−∑ 𝑎𝑁,𝑖𝝋𝑖

𝐿
𝑖=1 ‖

‖𝝋𝑁‖
                                         ⑴ 

The minimum of 𝛿𝑁  can also be expressed with an inner 

product as shown in Eq. (2). 

min 𝛿𝑁 = 1 −
𝐾𝑆,𝑁

𝑡 𝐾𝑆,𝑆
−1𝐾𝑆,𝑁

𝑘𝑁,𝑁
= 𝐽𝑆                               ⑵ 

where 𝐾𝑆,𝑆 = (𝑘𝑖,𝑗), 𝑖, 𝑗 = 1,2, … , 𝐿 is the kernel matrix of S 

and 𝐾𝑆,𝑁 = (𝑘𝑖,𝑁), 𝑖 = 1,2, … , 𝐿  is the vector of the inner 

product between 𝝋𝑁 .  𝐽𝑆  is the local fitness of 𝒙𝑁  for this 

model.  

With Eq. (2), for a new coming data point at time t, we can 

calculate the local fitness 𝐽𝑖(𝑡) for the i-th sub-model. And 

the weight of the i-th sub-model for this data point is 

calculated as 𝜔𝑖(𝑡) =
1/𝐽𝑖(𝑡)

∑ 1/𝐽𝑗(𝑡)𝑁
𝑗=1

. 
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2.2.2. Combining Sub-Models Outputs 

Figure 2 shows the paradigm of DW-PSVR-Ensemble, 

where 𝑁 is the number of sub-models, 𝒙(𝑡) is a new input 

vector arriving at time 𝑡, 𝑤𝑗(𝑡) is the weight assigned to the 

j-th sub-model for the new input vector, �̂�𝑗(𝑡)  and 𝜎𝑗
2(𝑡)  

are the predicted value and corresponding variance for the j-

th sub-model given by PSVR, and �̂�(𝑡) and 𝜎2(𝑡) are the 

final outputs of the ensemble model. 

 

Figure 2.  Paradigm of the proposed DW-PSVR-Ensemble. 

The output of each PSVR-based sub-model is a Gaussian 

distribution predicted value. The proposed simple but 

efficient strategy for combining sub-models results is by 

taking a weighted-sum of Gaussian distributions, which 

means that 𝑁(�̂�(𝑡), 𝜎2(𝑡)) =  ∑ 𝜔𝑗(𝑡)𝑁(�̂�𝑗(𝑡), 𝜎𝑗
2(𝑡))𝑁

𝑗=1 , 

with 𝑁(�̂�(𝑡), 𝜎2(𝑡)) denoting a Gaussian distribution with 

mean value �̂�(𝑡)  and variance 𝜎2(𝑡) . From this, we can 

derive the fact that �̂�(𝑡) =  ∑ 𝜔𝑗(𝑡)�̂�𝑗
𝑁
𝑗=1 (𝑡)  and 𝜎(𝑡) =

 √∑ 𝜔𝑗
2(𝑡)𝜎𝑗

2(𝑡)𝑁
𝑗=1 , if we assume sub-models results to be 

uncorrelated. 

Note that all the sub-models weights and outputs are a 

function of 𝑡, which means that they are all dependent on 

the input vector of the ensemble model. 

3. CASE STUDY DESCRIPTION 

The real case study considered in this paper concerns the 1-

day prediction of leak flow of the first seal of the RCP of a 

NPP.  

In this section we describe the time series data and briefly 

recall the data pre-processing steps. We also detail the 

strategies to build accurate and diverse sub-models. 

3.1. Data Description and Pre-Processing 

In the data provided, there are 20 failure scenarios 

concerning the leak flow from 10 different NPPs. Each 

failure scenario contains a time series data of the leak flow.  

They are named Scenario 1, Scenario 2, …, Scenario 20 in 

the following sections of the paper. These data are 

monitored every four hours. As these data are time-

dependent and recorded within different time windows, only 

failure scenarios coming from the same NPP have the same 

size. From the second column of Table 1, we can see that 

the size of the failure scenarios can vary from 389 to 3129 

data points. In some of the scenarios, there are missing data 

points and outliers.  

 

Table 1. Characteristics of raw and reconstructed 

scenarios 

Scenario 
Size of 

Raw Data 
Best Number of 

Historical values H 

Size of 

Reconstructed 

Data 

1 2277 17 2265 

2 385 3 373 

3 385 3 373 

4 2027 14 2015 

5 2027 8 2015 

6 2027 8 2015 

7 1391 13 1379 

8 1391 4 1379 

9 1391 4 1379 

10 1391 4 1379 

11 3124 12 3112 

12 562 7 550 

13 562 9 550 

14 562 9 550 

15 964 2 952 

16 2767 8 2755 

17 2767 7 2755 

18 1061 7 1049 

19 1061 12 1049 

20 861 9 849 

 

Since the dataset we are going to analyze contains both 

missing data and outliers, we have to deal with both these 

issues. First of all, we will remove anomalous data, since 

their extreme values would affect the results of the analysis. 

Outliers can be easily detected by deciding some constraints, 

e.g. the limits 𝑥 ̅ ± 3 ∗ 𝜎𝑥  where 𝑥 ̅ is the mean of all the 

data points and 𝜎𝑥 is their standard deviation. These limits 

are needed to detect the outliers, selected as those data 

points bigger than 𝑥 ̅ + 3 ∗ 𝜎𝑥  or smaller than 𝑥 ̅ − 3 ∗ 𝜎𝑥 , 

and subsequently removed. Note that we used such 

constraints, rather than the usual ones based on the median 

and the InterQuartile Range (IQR), to be more conservative 

in the outlier selection, due to the dependence among data.  

Secondly, we want to reconstruct missing data. Note that, 

after the outlier selection and elimination procedure, the 

number of missing data has increased. A possible way to 

deal with the reconstruction of missing data is the local 

polynomial regression fitting. This local least squares 

regression technique estimates effectively the values when 

there are missing data points. Moreover, it can also be used 

to perform the smoothing of the available observations, in 

order to reduce noise. We will thus use this technique both 
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to reconstruct data where missing, and to obtain a smoother 

and less noisy time series in all remaining time instances. 

All details can be found in Liu et al. (2012). 

All the time series data of all failure scenarios are, then, 

normalized from 0 to 1. 

3.2. Strategies to Build Sub-Models 

Since we have a time series data set and since there is no 

other information available related to the target except for a 

set of monitored data directly related to the condition of the 

component of interest, the input vector of the model can 

only be a set of historical values. Before building the sub-

models of the ensemble, we, thus, need to decide the best 

number of historical values to be used as inputs. 

3.2.1. Sub-Model Identification 

For time series data, the inputs are normally a number of 

historical target values. Suppose 𝑎(𝑡) represents an instance 

of the time series data of one failure scenario. For 1-day 

ahead prediction, the output 𝑦(𝑡) is 𝑎(𝑡 + 6), because the 

signals are monitored every four hours. In order to decide 

the best 𝐻  for selecting the input vector 𝒙(𝑡) =
(𝑎(𝑡 − 𝐻 + 1), … , 𝑎(𝑡)) most related to the output, a partial 

autocorrelation analysis is carried out on each failure 

scenario, i.e. the correlation between the output and 

different temporal lags is computed. Figure 3 shows the 

results of this analysis on Scenario 1, where the x and y axis 

represent, respectively, the temporal lag (a multiple of four 

hours) and the corresponding empirical partial 

autocorrelation. The bounds of a 95% confidence interval 

are also shown with dashed lines in the Figure. The 

correlation decreases with the lag (although not linearly), 

and after a lag of 17 time steps, for Scenario 1 it is no longer 

comparable with the values observed for lags smaller than 

17, i.e. the best choice is  𝐻1 = 17.  

A best value 𝐻𝑖  is, thus, found for Scenario 𝑖 , for 𝑖 =
1, 2, … , 20; but this value is not the same for all scenarios, 

as shown in the third column of Table 1. When building an 

ensemble model, however, a unified size of input vector 

would simplify the model, since a single value of 𝐻  is 

applied for all scenarios to reconstruct the data. If we choose 

a small 𝐻, some useful information would be ignored for 

those scenarios with larger best 𝐻; in contrast, choosing a 

large 𝐻  would bring some perturbations to scenarios with 

smaller best 𝐻. In order to solve this problem, we propose 

the modified RBF, where 𝑪𝑎 , calculated by partial 

autocorrelation analysis, controls the contribution of each 

variable of the input vector, when 𝐻 is chosen as the largest 

of all the failure scenarios. For one scenario with smaller 

best 𝐻𝑖  , the values for the last 𝐻 − 𝐻𝑖   elements of the 

vector 𝑪𝑎 are very small compared to the first 𝐻𝑖  elements, 

because their correlations with the output are very weak. In 

this case study, we choose the biggest time step H of all the 

scenarios, i.e. 𝐻 = 17. 

 

Figure 3. Partial autocorrelation function of Scenario 1 with 

respect to time lags (multiples of four hours). Dotted lines 

are bounds of a 95% confidence interval. 

3.2.2. Two Strategies to Build Sub-Models 

Bagging and boosting are two of the most popular strategies 

to build diverse sub-models of an ensemble. However these 

methods are more suitable with scarce data. In our case, 

there are enough data (20 failure scenarios), so that two 

simple but efficient and reasonable strategies can be 

proposed. 

Thanks to the sub-model identification process described 

before, the data for each failure scenario has been 

reconstructed with same structure, where the input vector is 

𝒙(𝑡) = (𝑎(𝑡 − 16), … , 𝑎(𝑡)), and the corresponding output 

is 𝑦(𝑡) = 𝑎(𝑡 + 6), and 𝑡 takes every possible value in each 

scenario. The size of each failure scenario after 

reconstruction is listed in the fourth column of Table 1.  

With multiple failure scenarios available, the simplest and 

most immediate strategy is to build a sub-model on each 

failure scenario, so that the number of sub-models equals 

the number of failure scenarios. Because of the frequently 

changing operational and environmental conditions in NPP, 

each scenario can represent a specific process, and thus sub-

models built in such a way show enough diversity between 

each other. Another simple but effective strategy is to mix 

all the data points from all failure scenarios, and then divide 

them into different groups according to their target values 

𝑦(𝑡) . A sub-model is, then, trained on each group. This 

strategy is inspired by the intrinsic structure of SVM/PSVR. 

Performance of SVM depends highly, although not only, on 

the training data set (or support vectors). Sub-models built 

on training data set considering different ranges of output 

values can strengthen the specialty of each sub-model on 

particular characteristics of the input vectors. This strategy 

can make the sub-models perform well on different text 

0 5 10 15 20 25 30 35
-0.1

-0.05

0

0.05

0.1

0.15

Lag

S
a

m
p

le
 P

a
rt

ia
l 
A

u
to

c
o

rr
e

la
ti
o

n
s

Sample Partial Autocorrelation Function

 

 

autocorrelation value

Upper bound of 95% confidence level

Lower bound of 95% confidence level



EUROPEAN CONFERENCE OF THE PROGNOSTICS AND HEALTH MANAGEMENT SOCIETY 2014 

6 

examples but worse on others. The proposed weighted-sum 

strategy to combine the outputs of sub-models will be 

shown to outperform the individual model. These two 

strategies are named Ensemble 1 and Ensemble 2, for 

convenience. 

3.2.3. Comparison of DW-PSVR-Ensemble with Single 

PSVR 

The ensemble model is expected to give better results than a 

single PSVR model. To verify this claim, a comparison 

between a single PSVR model and the proposed DW-

PSVR-Ensemble is carried out on the considered case study.  

Each time one out of 20 failure scenarios is chosen as the 

test data set (named Observed Scenario), the other 19 failure 

scenarios (named Reference Scenarios) are used to construct 

the ensemble model with the two previously proposed 

strategies. A PSVR model is also trained on the Observed 

Scenario for comparison (it is named Single PSVR to be 

distinguished from the two ensemble models). The size of 

the training data set for all PSVR models is fixed at 200 for 

the fairness of comparison.  The choice of the size is 

decided by trial and error in order not to increase too much 

the computational complexity in time and storage, which 

increases exponentially with the size of the training data set, 

and in order to guarantee the accuracy of the model.  

The steps of comparison are the following: 

1. Choose the training data set for Ensemble 1: 200 data 

points equidistantly distributed for each Reference 

Scenario are selected. Totally, 19 sub-models can be 

trained with PSVR, each trained on 200 data points 

from each scenario. 

2. Choose the training data set for Ensemble 2: the 

normalized data of 19 Reference Scenarios are sorted 

according to the output value of each data point and 

then divided into 10 groups, with the output value in the 

intervals of [0, 0.1], [0.1, 0.2], …, [0.9, 1]. For each 

group, if the size is bigger than 200, 200 data points 

equidistantly distributed in the group are chosen, if not, 

all the points in the group are used in the training data 

set. For the first eight groups, the size of training data 

set is 200, while for the last 2, the training data sets 

contain only 90 and 33 data points. Ten sub-models are 

built with PSVR on these training data sets.  

3. Choose the training data set for the single PSVR: the 

first 200 data points of the Observed Scenario are 

chosen to train one single PSVR model for regression 

on it.  

4. Calculation of Mean Absolute Error (MAE), Mean 

Relative Error (MRE), width of Prediction Intervals 

(PIs) with  95% confidence level (PI_Width), and 

coverage percentage of PIs with 95% confidence level 

(PI_Coverage) of the outputs of Ensemble 1, Ensemble 

2 and Single PSVR. 

5. Comparison of Ensemble 1, Ensemble 2 and Single 

PSVR considering prediction accuracy, uncertainty of 

estimation and robustness. 

The results and comparisons between these three models are 

presented in the next section. 

4. RESULTS 

In this section, the results from Ensemble 1, Ensemble 2 and 

Single PSVR are compared with respect to different aspects. 

 
Figure 4. MAE of prediction results of Ensemble 1, 

Ensemble 2 and Single PSVR, for all 20 failure scenarios. 

Figure 5. MRE of prediction results of Ensemble 1, 

Ensemble 2 and Single PSVR, for all 20 failure scenarios. 
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Figure 6. Width of PIs with 95% confidence level of 

prediction results of Ensemble 1, Ensemble 2 and Single 

PSVR, for all 20 failure scenarios. 

 
Figure 7. Coverage of PIs with 95% confidence level of 

prediction results of Ensemble 1, Ensemble 2 and Single 

PSVR, for all 20 failure scenarios. 

4.1. Prediction Accuracy and Uncertainty Estimation 

Figures 4, 5, 6 and 7 are the prediction results (including 

MAE, MRE, width and coverage of PI with 95% confidence 

level, i.e. [�̂� − 1.97𝜎, �̂� + 1.97𝜎], where σ is the variance 

of the assumed Gaussian distribution of the predicted value),  

respectively from Ensemble 1, Ensemble 2 and Single 

PSVR. It is clear that Single PSVR gives worst results in 

this case study, i.e. on average, the MSE and MAE are 

bigger than the ensembles and PI_Coverage is lower 

compared to the ensembles. There is no such problem with 

Ensemble 1 and Ensemble 2, because the training data set 

contains more information than that of Single PSVR. 

Moreover, Ensemble 1 gives better results than Ensemble 2 

considering the prediction accuracy, with more stable PIs. 

This is caused by the scarceness of the training data set for 

the last two sub-models of Ensemble 2, which are supposed 

to be experts on the prediction of the data points with output 

values in the intervals of [0.8, 0.9] and [0.9, 1.0].  

We also notice that Single PSVR can give comparable 

prediction accuracy to the ensemble models for some failure 

scenarios, but not for all of them. The bad results of Single 

PSVR are caused by the fact that the prediction results are 

highly dependent on the training data set. Moreover, the 

hyperparameters optimization is also critical to the 

performance of PSVR. Well-chosen hyperparameters values 

can improve the performance of PSVR. However, the 

optimization method can easily converge to a local extreme, 

which results into a good performance at the beginning but 

very bad at the end of the scenario. 

These unstable results from the Single PSVR prove the 

necessity of the ensemble approach for avoiding the limits 

of Single PSVR in attaining the desired accuracy and 

robustness of the model. The prediction results from 

Ensemble 1 and Ensemble 2 confirm the practicability and 

efficiency of the DW-PSVR-Ensemble approach. 

4.2. Robustness 

From Figures 4, 5, 6 and 7, it is seen that the ensemble 

models give more stable prediction results compared to the 

Single PSVR model. Single PSVR model cannot properly 

handle the noise in the data and it is difficult to find the 

global optimal values of the hyperparmeters, even with the 

modified RBF proposed in this paper. The weighted-sum 

ensemble models can decrease the influence of the noise by 

combining the prediction outputs of the sub-models; this is 

one reason for which ensemble models can give stable 

results, i.e. the ensemble models are more robust compared 

to the Single PSVR. 

5. CONCLUSION 

In this paper, we have proposed an innovative dynamic-

weighted PSVR-based ensemble approach for short-term 

prediction (1-day ahead prediction) with multiple time series 

data. Local fitness calculation is integrated to calculate the 

specific weights of the sub-models of the ensemble for each 

new input vector without bringing too much computational 

burden. A modified RBF kernel is used to discriminate the 

different correlation of the different inputs with the output. 

According to the characteristics of the available time series 

data in the case study, two strategies are proposed to form 

an ensemble model: one considering different scenarios and 

the other selecting different ranges of output values. In both 

cases, the proposed ensemble approach performs well in the 

real case study of signals recorded on a NPP component. 

Compared to the single model PSVR, the proposed 

ensemble models outperform on prediction accuracy, 

robustness and adaptability. This ensemble approach 

demands enough data on different pattern drifts. 

Further research needs to be carried out, for optimizing the 

numbers of sub-models and for obtaining a more careful 

tuning of the hyperparameters. 
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