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Abstract 7 

Crack faults in rotating machines can cause machine shutdown or scrapping, 8 

endangering the normal operation and safety of nuclear power plants. Intelligent 9 

diagnostic techniques based on machine learning have the potential to diagnose crack 10 

faults. However, problems such as scarcity of field fault data and high noise of plant 11 

measurements pose challenges to the application of machine learning. This study 12 

proposes an ensemble learning approach to mitigate the negative impacts of the 13 

problems. Ensemble learning is a strategy for combining multiple machine learning 14 

models into a composite model. The basic idea of ensemble learning is that even if one 15 

model makes a mistake, other models can correct it. Case studies based on bearing and 16 

gear system fault experiments show that the proposed ensemble learning models have 17 

better diagnostic results than the single model in the presence of noise and small data. 18 

 19 
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1. Introduction 22 

A multitude of rotating machines, such as pumps, fans, motors and steam turbines 23 

are installed in nuclear power plants. These machines are responsible for transmitting 24 

torque and energy, and are important components of the auxiliary systems and safety 25 

systems of nuclear power plants. Rotating machines in nuclear power plants, such as 26 

reactor coolant pumps and steam turbines, work in high-temperature, high-pressure, 27 

high-radioactivity, high-load, and high-speed environments, which increases the risk of 28 

cracking in the machines. Historically, multiple crack fault incidents have occurred in 29 

nuclear power plant’s main pump (Bachschmid et al., 2004; Rosario and Khalid, 2005), 30 

steam turbine low-pressure rotor (Andrier et al., 2006; Stoisser and Audebert, 2008), 31 
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and steam turbine blades (Rosario, 2003). Once a machine cracks and malfunctions, it is 1 

often shut down or scrapped, interrupting the normal operation of the plant and even 2 

causing huge economic losses and human casualties. In this sense, timely and accurate 3 

diagnosis of crack faults in rotating machines is of great practical significance for 4 

nuclear power plants. 5 

In recent years, machine learning methods have been increasingly applied to the 6 

machine fault diagnosis because of their remarkable ability to learn fault patterns from 7 

big data. The process of machine learning-based fault diagnosis usually consists of three 8 

stages: data acquisition, feature extraction and selection, and final fault classification. 9 

Cracks cannot be detected directly while the machine is in operation. Vibration 10 

measurement, as a non-invasive signal acquisition technique, has been widely used in 11 

non-nuclear industrial environments (Tandon and Choudhury, 1999) and to some extent 12 

in nuclear power plants (Koo and Kim, 2000). It is often necessary to extract and select 13 

representative features of the measured vibration signal and then hand them to the 14 

model for learning, since many models cannot learn effectively from the raw signal. The 15 

process of feature extraction and selection is also known as feature engineering. For 16 

fault classification, related research based on machine learning in the nuclear industry is 17 

still in its infancy. Research on crack fault diagnosis of rotating machines in nuclear 18 

power plants is even scarcer. The one relevant study that can be found publicly is the 19 

development of a machine learning-based online diagnosis system for main pumps in 20 

nuclear power plants (Koo and Kim, 2000). The model used in the system is a 21 

four-layer fully connected neural network, which achieves an average accuracy of 81.2% 22 

on an experimental dataset of rotor kit faults. 23 

There are two challenges in applying machine learning to the fault diagnosis of 24 

nuclear power plant equipment. One is that fault data from plant equipment are scarce 25 

or difficult to obtain, but machine learning models often require big data to learn. The 26 

other is that sensors signals from the plants may be mixed with noise, such as parasitic 27 

signals caused by electromagnetic and particle radiation (Boland, 1970), interfering with 28 

data analysis. 29 

The absence of data or the mixing of noise reduces the effective information 30 

available for model training, so the trained model can only identify certain types of 31 

faults and not others effectively. Such a model that can only obtain a preference in 32 

certain aspects is called a basic or weak learner. Recently, ensemble learning, as a 33 
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strategy that combines multiple basic learners into a strong learner, has attracted 1 

widespread attention. As shown in Figure 1, the underlying idea of ensemble learning is 2 

that even if a certain basic learner makes a wrong prediction, other basic learners can 3 

correct it. Therefore, the model based on ensemble learning is expected to perform well 4 

in all aspects. 5 

In this paper, an application-oriented study of ensemble learning is conducted. In 6 

particular, the diagnostic performance of ensemble learning models is examined in the 7 

conditions of data reduction and noise addition. This study will help us to obtain 8 

diagnostic models that can be used in realistic nuclear power plant environments, thus 9 

realistically improving the ability of nuclear power plant fault diagnosis systems to 10 

identify cracks in rotating machines. 11 

2. Methods 12 

2.1 Ensemble learning 13 

Ensemble learning is a strategy of constructing and combining multiple basic 14 

learners to form a learning committee, rather than a separate machine learning model. 15 

Generally speaking, the basic learners selected for ensemble learning are homogeneous, 16 

i.e., they all belong to the same type. According to whether there is a dependency 17 

between basic learners, ensemble learning is roughly divided into two categories, 18 

namely Bagging (Breiman, 1996) and Boosting (Schapire, 1999). 19 

2.1.1 Bagging 20 

There is no strong dependence between the basic learners in the Bagging strategy. 21 

In the Bagging strategy, the independence and difference between each basic learner are 22 

improved by randomly constructing training samples and randomly selecting features. A 23 

series of basic learners can be generated in parallel.  24 

Figure 2 is a schematic diagram of the Bagging strategy. First, sampling with 25 

replacement (i.e., bootstrap sampling) is performed on the training dataset to obtain K 26 

sub training datasets. Then, K basic learners are trained respectively through the K sub 27 

training datasets. The final prediction result is obtained by the weighted average of the 28 

prediction values of K basic learners or determined by the vote of K basic learners. The 29 

pseudo-code of the Bagging strategy training procedure is described in Algorithm I. 30 
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2.1.2 Boosting and Adaboost 1 

There is a strong dependence between the basic learners in the Boosting strategy. 2 

In the Boosting strategy, different basic learners are trained in a certain order, and the 3 

training samples are adjusted according to the prediction results of the previous learner 4 

to increase the difference between each basic learner. A series of basic learners need to 5 

be generated serially. 6 

Figure 3 is a schematic diagram of the Boosting strategy. First, a basic learner is 7 

trained from the initial training set, and then the sample distribution is adjusted 8 

according to the performance of the basic learner. The next basic learner is trained based 9 

on the adjusted sample distribution. This is repeated until the number of basic learners 10 

reaches the specified value or other exit conditions. Similarly, the final prediction result 11 

is obtained by the weighted average of the predicted values of K basic learners or 12 

determined by the vote of K basic learners. 13 

The most representative sub-strategy of Boosting is Adaboost (Freund et al., 1996). 14 

Adaboost focuses on the samples that are mispredicted by current basic learners and 15 

adds them to the next training dataset. The pseudo-code of the Adaboost strategy 16 

training procedure is described in Algorithm II. 17 

2.2 Basic learner: decision tree 18 

The appropriate type of basic learner is a key factor for the success of ensemble 19 

learning. Generally speaking, significant differences between basic learners are required 20 

so that the models can complement each other. The most commonly used basic learner 21 

is the decision tree. This is because decision tree is sensitive to the disturbance of the 22 

sample, and thus the decision tree basic learners generated by different sub-sample sets 23 

are sufficiently different. 24 

The decision tree is a tree-based knowledge model used to represent classification 25 

rules (Safavian and Landgrebe, 1991). A standard tree consists of a root node, many 26 

intermediate nodes, leaf nodes, and branches. As shown in Figure 4, a branch is a node 27 

chain from root to leaf; leaf nodes represent classifications; and each intermediate node 28 

is associated with an attribute, which is used to test the samples and guide the 29 

decision-making. The decision tree classifies samples by starting from the root of the 30 

tree and moving through the tree until the leaf node providing classification is 31 

identified. 32 
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Setting the basic learner as a decision tree and substituting it into the Bagging and 1 

Adaboost strategies will obtain two ensemble learning models respectively. One is a 2 

well-known model called random forest (Breiman, 2001), and the other is called 3 

Adaboost tree in this paper. This paper will conduct a comparative study of the two 4 

ensemble learning models (random forest and Adaboost tree) and a single model 5 

(decision tree) in diagnosing crack faults in rotating machines. 6 

2.3 Feature engineering: wavelet packet transformation 7 

Vibration signals collected from operating rotating machines are usually 8 

non-stationary due to possible faults and changing operating conditions (Coble et al., 9 

2015). These signals need to be processed by feature engineering technologies before 10 

they can be used for the learning of the decision tree, random forest, and Adaboost tree. 11 

The feature engineering technology selected in this paper is wavelet packet transform 12 

(WPT) (Daubechies, 1992; Inoue et al., 2007) because it can adequately characterize the 13 

non-stationary features in the vibration signal and extract the complete sensitive features 14 

(Yan et al., 2014).  15 

WPT decomposes the signal into several levels of wavelet packet nodes and forms 16 

a wavelet-packet tree, where each level represents a frequency resolution, as shown in 17 

Figure 5. The wavelet packet function is defined by a time-frequency function set, 18 

which is expressed by (Daubechies, 1992; Inoue et al., 2007) 19 

 ( )/ 2
, ( ) 2 2 ,n j n j

j kW t W t k= −  (1) 20 

where the index n  denotes the operation modulation parameter or oscillation 21 

parameter. j  and k  denote the scaling (frequency localization) parameter and the 22 

translation (frequency localization) parameter, respectively. 23 

The first two wavelet packet functions are the scaling function and the mother 24 

wavelet function, which are expressed by 25 
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The other wavelet packet functions are expressed by 27 
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where ( )h k  and ( )g k  are the low and high filters, respectively, and are associated 2 

with the predefined scaling function and mother wavelet function. 3 

The wavelet packet coefficients ( )n

j kΩ  are calculated by the inner product 4 

between the signal ( )f t  and each wavelet packet function and is expressed as 5 

 , ,( ) , ( ) ( ) .n n n

j j k j kk f W t tf W t d
∞

−∞
Ω = = ∫  (4) 6 

2 j mutually orthogonal subspaces are generated when the signal is decomposed 7 

into the j-th layer. The signal energy on each node (j, n) can be expressed as 8 
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The percentage distribution of energy in j-th layer can be obtained as 10 
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After three-layer WPT, the signal is decomposed into eight mutually orthogonal 12 

subspaces. Then the energy percentage distribution in the third layer can be expressed 13 

by a feature vector of eight components, i.e.,  14 

 0 1 7
3 3 3[ ]., , ,E e e e…=  (7) 15 

The feature vector in Eq.(7) is used as the input to the machine learning model. 16 

3. Experiment introduction and data processing 17 

It is difficult to obtain field data for crack and other fault of rotating machines in 18 

nuclear power plants. This paper selects two fault experiment datasets to demonstrate 19 

the effect of ensemble learning. One is from the motor bearing fault experiment of Case 20 

Western Reserve University (CWRU)(“Bearing Data Center | Case School of 21 

Engineering | Case Western Reserve University,” n.d.). Part of the experiment can be 22 

regarded as the bearing crack fault experiment (hereinafter referred to as the CWRU 23 

bearing fault experiment). The other is from the gearbox crack fault experiment of 24 

Tsinghua University (THU) (Han et al., 2021, 2019; Wei et al., 2021) (hereinafter 25 

referred to as the THU gearbox fault experiment). 26 
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3.1 CWRU bearing fault experiment 1 

As shown in Figure 6.(a), the experiment setup consists of a motor, a torque 2 

encoder, a dynamometer, and control electronics. In the experiment, single-point faults 3 

are introduced into the inner raceway, rolling element (i.e. ball) and outer raceway of 4 

the bearing through electrical discharge machining. After the faulty bearing is 5 

reinstalled in the motor, vibration data are collected by accelerometers at the drive end 6 

and fan end of the motor. 7 

In this paper, the data of ball faults with different incision depths are selected as the 8 

research object, and the fault classes are shown in Table I. The selected data come from 9 

the accelerometer at the driver end, and the sampling frequency is 12 kHz. The selected 10 

motor load ranges from 0 to 3 horsepower. Every 400 consecutive data points in the 11 

vibration signal are grouped into one raw sample. The raw samples are to be processed 12 

through the three-layer WPT to obtain features for model training. Figure 7.(a) gives the 13 

raw and feature representation of the samples in one normal and one fault state of this 14 

experiment. 6000 samples containing features are finally obtained, of which 4000 form 15 

the training dataset and 2000 form the test dataset. 16 

3.2 THU gearbox fault experiment 17 

As shown in Figure 6.(b), the experiment setup consists of a motor, a single-stage 18 

planetary gearbox, a fan, and a signal processing system. In the experiment, the gearbox 19 

is driven by the motor. Cracks in the sun gear or one of the planetary gears by seeding 20 

artificial damages. After reinstalling the faulty gear into the gearbox, vibration data are 21 

collected by two accelerometers installed in the x and y directions of the gearbox 22 

casing. 23 

In this paper, the data of nine types of faults are selected as the research objects, 24 

and the fault classes are shown in Table II. The selected data come from the 25 

accelerometer in the x direction, and the sampling frequency is 20 kHz. The selected 26 

motor speed ranges from 29 Hz to 31 Hz. Every 2048 consecutive data points in the 27 

vibration signal are grouped into one raw sample. Similarly, the raw samples are to be 28 

processed through the three-layer WPT to obtain features for model training. Figure 7.(b) 29 

gives the raw and feature representation of the samples in one normal and one fault state 30 

of this experiment. 64800 samples containing features are finally obtained, of which 31 

48600 form the training dataset and 16200 form the test dataset. 32 
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4. Model fault diagnosis process 1 

There are some hyperparameters in a decision tree, random forest and Adaboost 2 

tree, such as the number of basic learners, maximum number of splits, learning rate, etc. 3 

These parameters are determined before the model training, and can greatly affect the 4 

model performance. In principle, models need to be applied and compared in their best 5 

state. This means that the hyperparameters of the model should be optimized as much as 6 

possible. In general, the model status is determined by observing the evaluation metrics 7 

of the model (e.g., accuracy on the dataset) during the training process, and then the 8 

model performance is improved by adjusting the hyperparameters. Each time the 9 

hyperparameters are adjusted, the model may need to be retrained, which takes time. In 10 

this paper, Bayesian optimization algorithm (Pelikan et al., 1999) is chosen to automate 11 

the above process until the model obtains the appropriate hyperparameters without 12 

manual selection. The detailed mechanism of automatic hyperparameter optimization 13 

can be found in Ref. (Hutter et al., 2019). 14 

The comparison process between the models for fault diagnosis carried out in this 15 

paper is shown in Figure 8. The sensor data is first processed through the feature 16 

engineering technique to obtain samples containing features. The samples are then 17 

grouped into a training set and a test set. The training set is used to train the model and 18 

the hyperparameters of the model are automatically and iteratively tuned by the 19 

hyperparameter optimization algorithm. Finally, the three trained models are evaluated 20 

on the test set. 21 

5. Results and discussion 22 

5.1 Case 1: Original condition 23 

Table III shows the performance comparison of the three models in the original 24 

condition, i.e., without sample reduction and without noise addition. In the CWRU case, 25 

the accuracy of the random forest and Adaboost tree is about 2 percentage points higher 26 

than that of the decision tree; in the THU case, it is about 3 to 4 percentage points higher. 27 

This is because, within the ensemble learning model, its sub-models can correct the 28 

wrong results predicted by other sub-models, resulting in better diagnostic performance 29 

of the ensemble learning model than the single model. In the CWRU case, the training 30 

time of the random forest and Adaboost tree is about 6 to 10 times longer than that of 31 

the decision tree; in the THU case, it is about 30 to 123 times longer. This is because the 32 
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ensemble learning model is more complex and has more parameters to be trained. In 1 

addition, the THU case has more samples to be trained than the CWRU case, leading to 2 

a more significant increase in the training time. Although ensemble learning models 3 

require more training time, trained models, whether based on ensemble learning or not, 4 

do not differ significantly in terms of the time from reading data to giving predicted 5 

results when they are put into use. Therefore, the ensemble learning model is a better 6 

choice in cases where the total training time is acceptable for a higher accuracy. 7 

5.2 Case 2: Sample reduction 8 

Figure 9 shows the comparison of the accuracy of the three models when the 9 

sample size, i.e., the number of samples used for training, is reduced. The ratio of the 10 

current sample size to the original sample size (COR) decreases from 100% to 50%, 11 

25%, 12.5%, 6.25%, and finally to 3.125%. When the sample size decreases, the 12 

machine learning model gets less information, thus making its training inadequate. 13 

Therefore, in general, the prediction accuracy of the trained model will eventually 14 

decrease as the sample size decreases.  15 

In the CWRU case, when COR>6.25% (the training sample size is greater than 16 

250), the accuracy of the random forest and Adaboost tree is about 2 to 3 percentage 17 

points higher than that of the decision tree. When COR<=6.25%, the accuracy of the 18 

random forest and Adaboost tree drop rapidly, and is close to or even lower than that of 19 

the decision tree. This is because the ensemble learning model has more parameters to 20 

learn, and too few samples will cause the ensemble learning model to be overfitted, 21 

thereby reducing the accuracy of the model in the test set. In the THU case, the random 22 

forest and Adaboost tree are about 3 to 8 percentage points more accurate than the 23 

decision tree. The results show that the ensemble learning model can still obtain higher 24 

accuracy than the single model when the training sample size is reduced but the 25 

overfitting condition is not reached. Therefore, the ensemble learning model is a better 26 

choice in the small data condition. 27 

5.3 Case 3: Noise addition 28 

Figure 10 shows the comparison of the accuracy of the three models when 29 

Gaussian white noise with different signal-to-noise ratio (SNR) levels is added to the 30 

samples. SNR is expressed in decibels (dB) as 31 
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10

energy of signal
SNR 10log .

energy of noise
=

 (8) 1 

Noise can be considered as objects that present inconsistencies in the data, which 2 

can be errors, missing information or unknown values that affect the prediction. 3 

Therefore, in general, the prediction accuracy of the trained model will eventually 4 

decrease as noise increases.  5 

In both the CWRU and THU cases, the accuracy of the random forest and 6 

Adaboost tree is about 2 to 4 percentage points higher than that of the decision tree. 7 

This shows that in the case of increased noise levels, the ensemble learning model can 8 

always outperform the single model. Therefore, the ensemble learning model is a better 9 

choice, even in the strong noise condition. 10 

6. Conclusions 11 

In this paper, two ensemble learning strategies, namely Bagging and Boosting, are 12 

presented. The Bagging and Adaboost strategies are used to generate two ensemble 13 

learning models, namely random forest and Adaboost tree, where decision tree, a single 14 

model, is used as the basic learner. Two crack fault experiments on rotating machines 15 

are selected as research cases for a comparative study of the ensemble learning models 16 

and the single model. 17 

The results show that (1) in the condition where no noise is added and no sample is 18 

reduced, the accuracy of the two ensemble learning models is overall 2 to 4 percentage 19 

points higher than that of the single model, although they require longer training time; 20 

(2) in the condition where samples are reduced but overfitting is not reached, the 21 

accuracy of the two ensemble learning models is overall 2 to 8 percentage points higher 22 

than that of the single model; (3) in the condition where noise is added, the accuracy of 23 

the two ensemble learning models is overall 2 to 4 percentage points higher than that of 24 

the single model. It can be concluded that the ensemble learning approach can mitigate 25 

the negative effects of noise and small data on machine learning models, and its 26 

application in crack fault diagnosis of rotating machines in nuclear power plants is 27 

promising. 28 

Limitations of the proposed ensemble learning approach exist. When the training 29 

data is very small, the proposed ensemble learning models become overfitted and 30 

cannot generalize well to new data, just like the single model. This indicates that the 31 
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proposed ensemble learning approach is also powerless in the case of extreme scarcity 1 

of data. The future work will focus on developing new basic learners and ensemble 2 

learning strategies that require fewer training parameters to further mitigate the negative 3 

effects of small data. 4 
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Figure 1. Ensemble learning: combining several basic/weak learners into a strong learner 

(a) weak learner (b) strong learner 
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Figure 2. Schematic diagram of the Bagging strategy   
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Figure 3. Schematic diagram of the Boosting strategy 
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Figure 4. Schematic diagram of a decision tree 
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Figure 5. Schematic diagram of three-layer wavelet packet 
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Figure 6. Schematic diagram of the experiment setup system (a) CWRU bearing fault 

experiment (b)THU gearbox fault experiment 
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Figure 7. Raw and feature representation obtained by the three-layer WPT of the 

samples of one normal and one fault state (A) CWRU case (B) THU case 
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Figure 8. Comparison process between the models for fault diagnosis 
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Figure 9. Comparison of the accuracy of the three models with reduced samples, where 

COR refers to the ratio of the number of current samples to that of the original samples 

(a) CWRU case (b) THU case 

  



 

10 

 

Figure 10. Comparison of the accuracy of the three models with noise added, where SNR 

refers to the signal-to-noise ratio (a) CWRU case (b) THU case 
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Algorithm I. Training procedure of Bagging (Breiman, 1996) 

Input: training sample S , basic model algorithm L , iterations T  

Do for 1t =  to T  

1. Bootstrap sample t
S  from S . 

2. Train a learner t
L  on t

S  via L . 

End for 

Output: E

: ( )

1argmax
tt L x yy Y

L
=∈

= ∑  
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Algorithm II. Training procedure of Adaboost (Freund et al., 1996) 

Input: m   training samples 1 1 2 2{( , ), ( , ),..., ( , )}
m m

S x y x y x y=   with labels 

{1,2,..., }
i

y Y k∈ = , basic model algorithm L , iterations T  

Initialize 1( ) 1/D i m=  for all i  

Do for 1t =  to T  

1. Sample t
S  from S  using distribution t

D . 

2. Train a learner i
L  on t

S  via L . 

3. Calculate the error: 
( ):

( )
t i i

t t

i L x y

D ie
≠

= ∑ . 

4. If 1/ 2
t

e > , then break. 

5. Set ( )/ 1
t t t

e eβ = − . 

6. Update distribution: 
( )

1

 if ( )
( )

1  otherwise 

t t i it
t

t

L x yD i
D i

Z

β
+

 =
= × 


, 

where t
Z  is a normalization constant. 

End for 

Output: E

: ( )

(1/ )argmax
t

t

t L x yy Y

L β
=∈

= ∑  
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Table I. Fault classes of CWRU bearing experiment 

Classes Type Levels 

H Health - 

BF_18 Ball crack Crack depth:0.18 mm 

BF_36 Ball crack Crack depth:0.36 mm 

BF_54 Ball crack Crack depth:0.54 mm 

BF_72 Ball crack Crack depth:0.72 mm 
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Table II. Fault classes of THU gearbox experiment (Wei et al., 2021) 

Classes Type Levels 

H Health - 

SC1 Sun tooth crack Crack depth:1/8 dedendum 

SC2 Sun tooth crack Crack depth:1/4 dedendum 

SC3 Sun tooth crack Crack depth:1/2 dedendum 

SB Sun tooth broken Break position: 1/3 tooth depth 

PC1 Planet tooth crack Crack depth:1/8 dedendum 

PC2 Planet tooth crack Crack depth:1/4 dedendum 

PC3 Planet tooth crack Crack depth:1/2 dedendum 

PB Planet tooth broken Break position: 1/3 tooth depth 
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Table III. Model performance in the original condition 

Model Accuracy/% Training time/s 

 CWRU THU CWRU THU 

Decision tree 90.55 90.10 28.61 56.22 

Random forest 92.10 93.47 284.50 6915.20 

Adaboost tree 92.85 94.16 169.27 1784.70 

 




