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Abstract In data-driven fault diagnosis for turbo-generator sets, the fault samples are usually

expensive to obtain, and inevitably with noise, which will both lead to an unsatisfying identification

performance of diagnosis models. To address these issues, this paper proposes a fault diagnosis

model for turbo-generator sets based on Weighted Extension Neural Network (W-ENN). W-

ENN is a novel neural network which has three types of connection weights and an improved cor-

relation function. The performance of the proposed model is validated against Extension Neural

Network (ENN), Support Vector Machine (SVM), Relevance Vector Machine (RVM) and Extreme

Learning Machine (ELM) based models. The results indicate that, on noisy small sample sets, the

proposed model is superior to the other models in terms of higher identification accuracy with fewer

samples and strong noise-tolerant ability. The findings of this study may serve as a powerful fault

diagnosis model for turbo-generator sets on noisy small sample sets.
� 2020 Chinese Society of Aeronautics and Astronautics. Production and hosting by Elsevier Ltd. This is

an open access article under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/

).
1. Introduction

Turbo-generator set is a key equipment of power system,
which will cause huge economic loss once it breaks down.
Much study in recent years has focused on data-driven
machinery fault diagnosis methods, such as Neural Networks
(NN),1,2 Support Vector Machines (SVM),3–7 Extension Neu-
ral Networks (ENN),8,9 and Deep Learning (DL),10,11 which

are widely used promising methods for fault diagnosis. Models
based on these methods are trained on a large amount of oper-
ating data of turbo-generator sets off-line, before they are

applied for diagnosis on-line. In practical industrial fields,
however, it is difficult or expensive to collect massive labeled
fault data, which will cause the small sample fault diagnosis

problem.12 And as a result, the performances of these models
could be unsatisfying because of the limited fault data mixing
les with
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with too many normal samples (the imbalanced data). There-
fore, there has been a considerable interest in establishing
small sample fault diagnosis models of turbo-generator sets.

Small sample fault diagnosis problem refers to how to train
a machine learning model that can effectively identify these
faults under the condition that only a few fault training sam-

ples of the target are given.13 The difficulty lies in the fact that
the information of the fault data set is not enough to describe
all the features of the fault, so it is necessary to find a way to

maximize the information of the small sample fault dataset.14

The main efforts to address the problem could be divided into
two aspects on preprocessing techniques and classification
algorithms for small samples learning.15

Preprocessing techniques include resampling methods and
feature selection and extraction methods. To rebalance the
sample space, over-sampling methods, under-sampling meth-

ods and hybrid methods are often employed as three main
resampling methods. For example, Liu et al.16 applied under-
sampling methods to rebalance the data set, and trained an

optional Support Vector Machine as the classifier for blast fur-
nace fault diagnosis. Based on Extreme Learning Machine
(ELM), Mao et al.17 proposed a confident oversampling and

under-sampling process to establish the online sequential pre-
diction model for bearing fault diagnosis. And the Synthesis
Minority Oversampling Technique (SMOTE),18 an optimized
sampling technique was applied in induction motors fault diag-

nosis based on the Adaptive Boosting Algorithm (AdaBoost).
However, over-sampling could lead to over fitting and influ-
ence expanding of noise data by just copying fault samples,

whilst under-sampling could cause information loss by remov-
ing normal samples. For feature selection and extraction meth-
ods, Jin et al.19 adopted unsupervised learning algorithms to

reduce the dimensions of the dataset, which was 13 dimensions
representing different health conditions of machines, and
introduced a weighted local and global regressive mapping

algorithm for machine fault diagnosis.
Classification algorithms for small samples learning

attempt to build a classifier that can provide a better solution
for small sample fault diagnosis problems. And three main

methods of this are introduced below: ensemble methods, algo-
rithmic classifier modifications and deep learning. Classifier
ensembles by bagging and boosting have become a popular

solution method for small sample fault diagnosis problems.
For example, Liu and Li20 proposed Fisher criterion feature
selection for Easy Ensemble to solve the small samples prob-

lem in bearing fault diagnosis. Moreover, Santos et al.21 found
that a Rotation Forest ensemble of C4.4 decision trees, modi-
fying the training phase of the classifier with a cost-sensitive
approach, was the most suitable prediction model for gearbox

fault diagnosis. For algorithmic classifier modifications, many
effective attempts have been made to improve the learning
ability of existing classification algorithms. Duan et al.22 devel-

oped a machinery fault diagnosis model based on Support
Vector Data Description (SVDD), which was formulated with
Binary Tree for multi-classification problems. Yi et al.23 and

Chen and Yan24 also proposed fault diagnosis models based
on improved Support Vector Machine (SVM). And for deep
learning, the representative methods are Generative Adversar-

ial Networks (GAN) and transfer learning. Combined GAN
and Stacked Denoising Autoencoders (SDAE), Wang et al.25
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enhanced the quality of generation samples and the ability of
planetary gearbox fault diagnosis. Chen et al.26 extended the
Least Square Support Vector Machine (LSSVM) to implement

a transfer learning strategy, and achieved a better diagnostic
performance on bearing fault diagnosis of insufficient labeled
samples. Wu et al.27 and Zheng et al.28 also utilized transfer

learning to small sample machinery fault diagnosis.
However, the obtained small sample fault data could inevi-

tably contain noise, making the limited information it gives

more confusing, and hardly any attention has been paid to
the noise-tolerant ability of small sample fault diagnosis mod-
els of turbo-generator sets. Thus, a further question arises
when considering small sample fault diagnosis mixed with

noise: can we build a diagnosis model for turbo-generator sets
which could handle the problem of noisy small sample sets at
the same time? Aiming at the above issues, this paper proposes

a new fault diagnosis model based on weighted extension neu-
ral network (W-ENN). Four comparative experiments are car-
ried out in order to assess the diagnosis performances of the

proposed model against Extension Neural Network (ENN),
Support Vector Machine (SVM), Relevance Vector Machine
(RVM) and Extreme Learning Machine (ELM) based models.

It could be inferred from the results that W-ENN based model
outperforms the other models in terms of higher diagnosis
accuracy with fewer samples and more stable noise-tolerant
ability on noisy small sample sets.

Compared with the previous work about fault diagnosis on
noisy small sample sets, the main contributions of this paper
rest on two folds:

1) Extending the theory of ENN, a novel neural network
(W-ENN) is developed, which has three types of connec-

tion weights and an improved correlation function to
better describe the distance between samples.

2) A new fault diagnosis model for turbo-generator sets is

proposed based on W-ENN, which could achieve a bet-
ter performance on small sample fault diagnosis with
noise, manifesting in higher diagnosis accuracy with
fewer samples and a strong noise-tolerant ability.

The remainder of the paper is organized as follows. The
ENN and developed W-ENN are presented in Section 2. In

Section 3, the proposed fault diagnosis model for turbo-
generator sets is discussed in detail. Section 4 demonstrates
the effectiveness of the proposed model experimentally

through comparisons with the other 4 models. Finally, Sec-
tion 5 concludes this paper.

2. Weighted extension neural network

Weighted extension neural network (W-ENN) is a novel neural
network based on extension neural network (ENN). ENN29 is
a neural network with a fixed number of neurons, two connec-

tion weights and the learning rate as the only one hyper-
parameter. By adding a new connection weight and re-
designing the correlation function to describe the distance

between samples, W-ENN is developed based on ENN, which
also has a fixed number of neurons and one hyper-parameter,
but three types of connection weights and a new distance eval-

uation function.
eighted extension neural network for turbo-generator sets on small samples with

https://doi.org/10.1016/j.cja.2020.06.024


Fig. 2 Structure of weighted extension neural network (W-

ENN).
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2.1. Structure of weighted extension neural network

2.1.1. Structure of ENN

The extension neural network is a combination of neural net-

work and extension theory. The extension theory gives a new
way to describe matters, namely, matter-element models. More
importantly, it provides a novel way to measure the distance
between a point and an interval, which is Extension Distance

(ED). ENN utilizes ED instead of Euclidean distance to mea-
sure the similarities among the recognized data and the cluster
domains and get the classification results finally.

The structure of ENN is a network with only two layers of
double weights, which is shown in Fig. 1. The total number of
input nodes, n, stands for the number of data features, and

likewise, the number of output nodes, nc, is determined by
the number of classification results. There are two connection
weights between input nodes and output nodes, which are the
upper and lower bounds of features in matter-element models.

During the training process, only one output node is activated
at a time to indicate the classification result.

2.1.2. Structure of W-ENN

W-ENN is improved on the basis of the extension neural net-
work. It has three layers with three connection weights, which
is shown in Fig. 2. Between input nodes and hidden-layer

nodes, there are two connection weights, which are the upper
and lower bounds of features in matter-element models. For
hidden-layer nodes and output nodes, there is only one con-

nection weight, which is the weights of features calculated from
training data. In all, W-ENN has n input nodes, nc hidden
nodes and only one output node, where n is the number of fea-

tures, nc is the number of classification results.
As shown in Fig. 3, the structure of neurons in input layer

and hidden layer both include a storage module and an oper-

ation module in W-ENN. The jth value xp
ij of the ith sample,

which is labeled as p, is fed into the jth input node of W-
ENN. In this neuron, classical domains haj; bji of the jth fea-

ture in matter-element models, of which aj is the lower bound

and bj is the upper bound, are stored in the storage module,

and the calculation of correlation function ukj x
p
ij

� �
is then per-

formed in the operation module. As for the next layer, all of
the results in the input layer are fed into each node in hidden
Fig. 1 Structure of extension neural network (ENN).
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layer. In the kth neuron, the weights of the kth matter-element
model Wk are stored in the storage module, and the compre-

hensive correlation function /ik Xp
ið Þ is then calculated in the

operation module.

2.2. Improved comprehensive correlation function

By measuring the distances between a sample and matter-
element models to get the final classification, in ENN, correla-
tion function ED is designated based on extension distance in

extension theory. However, ED ignores the different weights of
features in practice, which could eventually lead to classifica-
tion errors. In this paper, a comprehensive correlation function

is developed to address the shortcoming of ED in ENN.

2.2.1. Correlation function in ENN

In ENN, the correlation function ED is defined as

EDik ¼
Xn

j¼1

xp
ij � zkj

�� ��� bkj � akj
� �

=2

bkj � akj
� �

=2
�� �� þ 1

" #
ð1Þ

where bkj and akj represent the upper and lower bound of the

jth feature’s classical domain in matter-element model Mk

respectively, and zkj is the feature center of the domain.

In other words, ED measures the distance between a sample
and all of the classical domains in a matter-element model, and

shows high sensitivity to different distances, which is graphi-
cally presented as Fig. 4. However, by considering the features
equally important, it ignores the influence of different feature

weights on the correlation degree. As a result, ED in ENN just
adds up all the modified extension distances equally, which
could lead to erroneous classifications.

2.2.2. Improved comprehensive correlation function in W-ENN

In W-ENN, given that the value xp
ij may not be in the classical

domain Vkj, the correlation function ukj x
p
ij

� �
, which measures

the distance between xp
ij and Vkj on the basis of extension the-

ory, is defined as

ukj x
p
ij

� � ¼ �q xp
ij;Vkj

� �
; xp

ij 2 Vkj

q x
p
ij
;Vkjð Þ

q x
p
ij
;Vpjð Þ�q x

p
ij
;Vkjð Þ ; x

p
ij R Vkj

8<
: ð2Þ
eighted extension neural network for turbo-generator sets on small samples with
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Fig. 3 Structures of input nodes and hidden-layer nodes in W-ENN.

Fig. 4 Image of correlation function ED.

4 T. WANG et al.
where Vkj ¼ hakj; bkji is the classical domain of the jth feature

in Mk Vpj ¼ hapj; bpji is the classical domain of the jth feature

in Mp. And the extension distance q xp
ij;Vkj

� �
and q xp

ij;Vpj

� �
can be computed by30

q xp
ij;Vkj

� � ¼ xp
ij �

akj þ bkj
2

����
����� bkj � akj

2
ð3Þ

q xp
ij;Vpj

� � ¼ xp
ij �

apj þ bpj
2

����
����� bpj � apj

2
ð4Þ

The correlation function ukj x
p
ij

� �
can be graphically

described as Fig. 5. From Fig. 5, we have: (a)

xp
ij 2 Vkj;ukj x

p
ij

� �
P 0, and when xp

ij ¼ akjþbkj
2

;ukj x
p
ij

� �
max

¼
bkj�akj

2
; (b) xp

ij R Vkj;ukj x
p
ij

� �
< 0.

After obtaining the correlation function ukj x
p
ij

� �
, we could

get the improved comprehensive correlation function/ik Xp
ið Þ

by taking feature weights into account as follows

/ik Xp
ið Þ ¼

Xn

j¼1

xkjukj x
p
ij

� � ð5Þ
Fig. 5 Image of correlation function ukj x
p
ij

� �
.
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where xkj is the weight of the jth feature in matter-element

model Mk.

And the higher the score of /ik X
p
ið Þ is, the closer the sample

X
p
i belongs to the matter-element model Mk.

2.3. Learning algorithm of W-ENN

W-ENN is applied to classification problems in supervised
learning. By tuning the upper and lower bounds of the classical

domains, which are two of the weights in E-ENN, the pro-
posed W-ENN could finally achieve good classification
performance.

Let the training data, with m samples and n features, be
X ¼ ½X1;X2; � � � ;Xm�. The ith training sample is

X
p
i ¼ xp

i1; x
p
i2; � � � ; xp

in½ �, where p is the label of the sample. For

the sake of performance evaluation, the prediction error E of
W-ENN can be obtained by

E ¼ merror

m
ð6Þ

where merror is the number of mis-predicted samples.
The specific learning algorithm of W-ENN can be described

as follows:

(1) Build matter-element models based on training set X ,
and the kth matter-element model Mk is represented as

Mk ¼

Ok Ck1 Vk1

Ck2 Vk2

..

. ..
.

Ckn Vkn

2
66664

3
77775 ¼

Ok Ck1 ak1; bk1h i
Ck2 ak2; bk2h i
..
. ..

.

Ckn akn; bknh i

2
66664

3
77775 ð7Þ

where Vkj ¼ hakj; bkji is the classical domain of the jth feature

in Mk, and the lower bound akj and the upper bound bkj can

be obtained by

akj ¼ min xk
j

n o
ð8Þ

bkj ¼ max xk
j

n o
ð9Þ

where xk
j is the value of the jth feature labeled as k.

(2) Calculate the initial feature centers zkj in matter-element

models by

Zk ¼ zk1; zk2; � � � ; zkn½ � ð10Þ

zkj ¼ akj þ bkj
2

ð11Þ

(3) Input the feature weights of every matter-element

model, which can be represented as
eighted extension neural network for turbo-generator sets on small samples with
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Wk ¼ wk1;wk2; � � � ;wkn½ � ð12Þ
(4) Feed the ith sample X

p
i into W-ENN and perform the

correlation function ukj x
p
ij

� �
in input nodes according to Eqs.

(2)–(4).

(5) Calculate the comprehensive correlation function

/ik X
p
ið Þ in hidden-layer nodes by Eq.(5).

(6) Perform the operation in output nodes to get the predic-

tion of Xp
i , and the prediction k� can be obtained by

k� ¼ argmax /i1 X
p
ið Þ;/i2 X

p
ið Þ; � � � ;/inc

X
p
ið Þ� � ð13Þ

If k� ¼ p, go to step (8); Otherwise go to step (7).
(7) Update the feature centers and the upper and lower

bounds in Mp and Mk� by

(a) Update the feature centers:

znewpj ¼ zoldpj þ g xp
ij � zoldpj

� �
ð14Þ

znewk� j ¼ zoldk� j � g xp
ij � zoldk� j

� �
ð15Þ

(b) Update the upper and lower bounds:

anewpj ¼ aoldpj þ g xp
ij � zoldpj

� �
bnewpj ¼ boldpj þ g xp

ij � zoldpj

� �
8><
>: ð16Þ

anewk� j ¼ aoldk� j � g xp
ij � zoldk� j

� �
bnewk� j ¼ boldk� j � g xp

ij � zoldk� j

� �
8><
>: ð17Þ

where g is the learning rate of W-ENN, which needs to be set
manually in advance.

During the update process, the centers and bounds are

adjusted modestly each time, which allows W-ENN to adapt
to new information quickly. As we can see from Fig. 6, due

to the adjustment, the extension distance q xp
ij;Vpj

� �
changes

rapidly.
(8) Return to Step (4) and repeat the process until all the

training samples have been classified, which means a learning
epoch is finished.

(9) Estimate whether the learning process has converged or

the prediction error E has arrived at the pre-set value. If so,
terminate the training. If not, return to Step (4) and go into
next training epoch.
Fig. 6 Change of q xp
ij;Vpj

� �
with centers and bounds adjustment

during update process.
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3. Proposed fault diagnosis model of turbo-generator sets based

on W-ENN

3.1. Feature selection

Due to the good ability to describe common faults of turbo-

generator sets, the vibration frequency, which can be directly
obtained from the monitoring system, plays an important role
in fault diagnosis of turbo-generator sets. Based on the vibra-

tion frequency of turbo-generator sets, many attempts have
been made to design fault features, such as time-domain fea-
tures and frequency-domain features, and feature selection
methods, such as Empirical Mode Decomposition (EMD),

Local Mean Decomposition (LMD) and Wavelet Transforma-
tion (WT). Among which, Fast Fourier Transform (FFT)31 is
one of the most widely used and well-established methods for

turbo-generator sets fault diagnosis. When a fault occurs, new
frequency components may appear and a change of the con-
vergence of frequency spectrum may take place. And the ratio

of the maximum amplitudes l xið Þ at 9 different frequency
domains, which are A: (0.01–0.39) f1, B: (0.40–0.49) f1, C:
0.50 f1, D: (0.50–0.99) f1, E: 1.00 f1, F: 2 f1, G: (3–5) f1, H:
odd f1, I: >5 f1, where f1 is the rotational frequency of the

turbo-generator sets and odd f1 is the odd numbers of the rota-
tional frequency, is the most used features for its easy accessi-
bility and good descriptive ability of fault conditions. It should

be noted that, the feature is susceptible to noise, especially for
small sample fault diagnosis, which may result in a poor per-
formance on some mature classifiers. For the purpose of high-

lighting the diagnostic capability of the proposed model on
small samples with noise, the feature is selected as the input
feature of the model.

The ratio of the maximum amplitudes l xið Þ is defined as

l xið Þ ¼ xi

y
; y ¼

Xn

i¼1

xi ð18Þ

where xi is the maximum amplitude at the ith frequency

domain, n is the total number of the frequency domains, which
equals to 9 in this paper.

3.2. Weight calculation based on extremum entropy method

To ensure the objectivity and credibility of weights, entropy
method is widely used to calculate feature weights with com-

plete data, including normalized translational entropy method
(NTEM), extremum entropy method (EEM), linear propor-
tional entropy method (LPEM), vector gauge entropy method
(VGEM) and efficacy coefficient entropy method (ECEM).32

By avoiding value 0 in calculation process, EEM is applied
to get feature weights in this paper, which has been proven
to be a better improved entropy method through preliminary

experiments. In EEM, the original data is converted into the
dimensionless form by extremum method, and entropy method
is used to evaluate feature weights.

In EEM, for a fault evaluation matrix X ,which is com-
posed of m fault samples with n input features, can be
described as
eighted extension neural network for turbo-generator sets on small samples with
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X ¼

x11 x12 � � � x1n

x21 x22 � � � x2n

..

. ..
. ..

.

xm1 xm2 � � � xmn

2
66664

3
77775 ð19Þ

where xij is the ratio of the maximum amplitude of the jth fea-

ture in the ith fault sample.
To solve the dimensional problem among features, the fault

evaluation matrix X is normalized using Eq.(20)

rij ¼ xij �mj

Mj �mj

ð20Þ

where Mj ¼ max
i

xij

	 

, mj ¼ min

i
xij

	 

.

The ratio pij of the jth feature in the ith fault sample is

defined as

pij ¼
rijPm

i¼1

rij

¼ xij �mjPm
i¼1

xij �mj

� � ð21Þ

After that, the entropy of the jth feature Ej can be com-

puted by

Ej ¼ � 1

lnm

Xm
i¼1

pijlnpij ð22Þ

where 0 6 Ej 6 1.

Then, calculate the deviation degree of each feature. The
deviation degree of the jth feature is

dj ¼ 1� Ej ð23Þ
Finally, the weight of the feature xj can be obtained by

xj ¼ djPn
j¼1

dj

¼ 1� EjPn
j¼1

1� Ej

� � ð24Þ
3.3. Proposed fault diagnosis model of turbo-generator sets

An overview of the proposed fault diagnosis model of turbo-
generator sets is presented in Fig. 7, which works as follows:
Fig. 7 Flowchart of the proposed fault
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(1) The vibration signals of turbo-generator sets under dif-

ferent conditions are obtained by accelerometers.
(2) Extract features from the raw signals. Fast Fourier

Transformation (FFT) is applied to get frequency spec-

trum from raw signals, and the ratio of the maximum
amplitudes l xið Þ at 9 frequency domains is adopted to
characterize the fault samples by Eq. (18).

(3) The training set, composing of the fault samples with 9

features, is segmented according to fault categories for
weights calculation and fault matter-element models
construction. EEM is then utilized to get the features

weights according to Eqs. (19)–(24).
(4) Build the fault matter-element models by Eqs. (7)–(9)

and set-up the W-ENN. The training set is then fed into

the constructed W-ENN to train the fault diagnosis
model using the learning algorithm in Section 2.3.

(5) Save the final weight vectors of the trained W-ENN,
including the updated upper and lower bounds of 9 fre-

quency domains in different fault matter-element mod-
els, and the weights calculated by EEM.

(6) New fault samples of turbo-generator set with the same

9 features described are input into the trained W-ENN,
and the fault diagnosis is fulfilled automatically.

4. Experimental verification

Since the objective of this paper was to establish a fault diag-

nosis model for turbo-generator sets on noisy small sample
sets, the effectiveness of the proposed W-ENN algorithm
and W-ENN based model was investigated experimentally in

this part, including an experiment on UCI datasets to test
the performance of the proposed W-ENN algorithm, an exper-
iment of a detailed diagnosis process of the proposed model,
an experiment of effect of sample size on diagnostic models

and a noise-tolerant ability experiment.

4.1. Experiment on UCI dataset

In order to verify the superiority of the proposed W-ENN
algorithm, a comparative experiment was conducted between
diagnosis model based on W-ENN.

eighted extension neural network for turbo-generator sets on small samples with
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A fault diagnosis model based on weighted extension neural network 7
W-ENN and ENN by analyzing accuracy, training epochs,
training time and test time on different data sizes. The detailed
information about the UCI datasets we used here are shown in

Table 1.
During the experiment, the training samples and test sam-

ples were chosen randomly with the scale of 15, 30, 45 and

60 each time for 10-fold cross-validation. The learning rate
was set preliminarily as 0.1. Each experiment was performed
randomly for 50 times to obtain the average accuracy,

average training epochs, average training time and average test
time. These four targets of different data sizes on ENN
and W-ENN are reported in Table 2, with the average accu-
racy and average training epochs graphically presented in

Fig. 8.
In general, the average accuracy, training time and test time

of both algorithms kept rising with the increase of data sizes,

and the average accuracy increased sharply when the numbers
of samples varying from 15 to 30. But for the average training
epochs, it went up firstly and then down, which suggests a

proper data size may contribute to the minimum training
epochs of W-ENN and ENN. Comparing Table 2 and
Fig. 8, it is obvious that a significant improvement of the aver-

age accuracy between W-ENN and ENN was obtained in all
data sizes. Furthermore, W-ENN could get almost 100% accu-
racy with only 15 training samples, while ENN showing the
accuracy of just 80% or so on the same data size, implying that

15 samples may be enough to train an effective W-ENN.
Because of the additional weight calculation process in
W-ENN, the average test time of W-ENN showed only a

little longer than that of ENN. It should be noted that, learn-
ing rate can significantly influence the training epochs, training
time and test time, which will be discussed further in

Section 4.2.3.

4.2. Diagnosis process of W-ENN based model

With the intention of evaluating the diagnosis performance of
the proposed model on limited data, ENN based model was
constructed together with W-ENN based model, which also
shows good potential in handling diagnosis problem on limited

data. The results of the two models were compared in this part.

4.2.1. Experimental data

The fault data was obtained from the rotor test rig.33 After

FFT and normalization processing, 12 fault samples in 5 cate-
gories were selected as the training data, and 5 samples as the
test data. Five typical fault types of turbo-generator sets,

including unbalance, rubbing, misalignment, loosening and
oil-resonance, were mapped to [0, 1, 2, 3, 4] respectively. The
5 training samples and 5 test samples are shown in detail in

Table 3 and Table 4.
Table 1 Detailed information about UCI datasets.

Dataset Feature Class

Iris 4 3

Wine 13 3

Seeds 7 3
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4.2.2. Weights of W-ENN calculation

According to the training data, 5 fault matter-element models

of turbo-generator sets were constructed, which is shown in
Eqs. (25)–(29). To check the overlaps in classical domains,
the original classical domains of 9 features in 5 fault type are

presented graphically in Fig. 9. As can be seen, there are more
or less overlaps among classical domains presented as grey
areas in Fig. 9, which could make an influence on the conver-

gence speed and final predictions of the network.

Munbalance ¼

Ounbalance 0:01 - 0:39ð Þf1 0:037; 0:0404h i
0:40 - 0:49ð Þf1 0:0015; 0:0023h i

0:50f1 0:0009; 0:0023h i
0:51 - 0:99ð Þf1 0:0108; 0:0127h i

1:0f1 0:7764; 0:7885h i
2:0f1 0:0818; 0:1004h i

3:0 - 5:0ð Þf1 0:0279; 0:0349h i
odd f1 0:0279; 0:0349h i
> 5:0f1 0:0077; 0:0113h i

2
66666666666666664

3
77777777777777775
ð25Þ

Mrubbing ¼

Orubbing 0:01 - 0:39ð Þf1 0:0088; 0:0653h i
0:40 - 0:49ð Þf1 0:0027; 0:0789h i

0:50f1 0:0021; 0:0789h i
0:51 - 0:99ð Þf1 0:0163; 0:4365h i

1:0f1 0:1458; 0:7493h i
2:0f1 0:0374; 0:1698h i

3:0 - 5:0ð Þf1 0:0297; 0:0545h i
odd f1 0:0185; 0:0432h i
> 5:0f1 0:0072; 0:0837h i

2
66666666666666664

3
77777777777777775

ð26Þ

Mmisalignment ¼

Omisalignment 0:01 - 0:39ð Þf1 0:002; 0:0045h i
0:40 - 0:49ð Þf1 0:0014; 0:0016h i

0:50f1 0:0014; 0:0016h i
0:51 - 0:99ð Þf1 0:0014; 0:0053h i

1:0f1 0:5124; 0:7767h i
2:0f1 0:0759; 0:2598h i

3:0 - 5:0ð Þf1 0:0609; 0:1007h i
odd f1 0:061; 0:1007h i
> 5:0f1 0:0138; 0:0188h i

2
66666666666666664

3
77777777777777775

ð27Þ

Mloosening ¼

Oloosening 0:01 - 0:39ð Þf1 0:0311; 0:0396h i
0:40 - 0:49ð Þf1 0:0086; 0:0257h i

0:50f1 0:0086; 0:0257h i
0:51 - 0:99ð Þf1 0:0199; 0:1419h i

1:0f1 0:3444; 0:7601h i
2:0f1 0:0513; 0:1685h i

3:0 - 5:0ð Þf1 0:0533; 0:1553h i
odd f1 0:0533; 0:1551h i
> 5:0f1 0:0054; 0:021h i

2
66666666666666664

3
77777777777777775
ð28Þ
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Table 2 Results of 10-fold cross-validation on different data sizes of W-ENN and ENN.

Numbers of training

samples/test samples

Target Iris Wine Seeds

ENN W-ENN ENN W-ENN ENN W-ENN

15/15 Average accuracy 88.67% 98.00% 76.00% 99.33% 82.67% 99.34%

Average training epoch 1.7 1.8 1.3 2.6 1.6 8.5

Average training time(s) 0.0366 0.0440 0.0771 0.1740 0.0559 0.3493

Average test time(s) 0.0159 0.0197 0.0466 0.0570 0.0258 0.0339

30/30 Average accuracy 91.33% 100.00% 90.67% 100.00% 90.00% 98.00%

Average training epoch 8.5 2.1 2.1 3.2 6.2 26.2

Average training time(s) 0.3213 0.0884 0.2232 0.3730 0.3769 2.0040

Average test time(s) 0.0320 0.0377 0.0942 0.1045 0.0520 0.0686

45/45 Average accuracy 93.33% 99.78% 94.22% 99.78% 90.67% 97.78%

Average training epoch 11.4 3.5 2.3 3.0 23.1 25.3

Average training time(s) 0.6396 0.2093 0.3532 0.4873 2.2325 2.8900

Average test time(s) 0.0477 0.0551 0.1377 0.1512 0.0783 0.1019

60/60 Average accuracy 95.67% 99.50% 96.67% 99.83% 90.83% 94.50%

Average training epoch 3.7 2.2 2.1 2.2 20.1 18.6

Average training time(s) 0.2623 0.1758 0.4336 0.4754 2.3891 2.8977

Average test time(s) 0.0638 0.0729 0.1862 0.1994 0.1019 0.1321

Fig. 8 Average accuracy and training epoch on different data sizes of W-ENN and ENN.

Table 3 Training data of turbo-generator sets.

No. A B C D E F G H I Fault type

1 0.0370 0.0015 0.0009 0.0127 0.7885 0.0818 0.0349 0.0349 0.0077 0

2 0.0404 0.0023 0.0023 0.0108 0.7764 0.1004 0.0279 0.0279 0.0113 0

3 0.0653 0.0789 0.0789 0.4365 0.1458 0.0374 0.0545 0.0185 0.0837 1

4 0.0111 0.0027 0.0027 0.0163 0.7493 0.1239 0.0432 0.0432 0.0072 1

5 0.0088 0.0027 0.0021 0.0303 0.7112 0.1698 0.0297 0.0297 0.0157 1
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Table 4 Test data of turbo-generator sets.

No. A B C D E F G H I Fault type

1 0.0512 0.0026 0.0022 0.0184 0.7579 0.0938 0.0337 0.0337 0.0059 0

2 0.0076 0.0037 0.0041 0.0072 0.7825 0.0687 0.0560 0.056 0.0138 1

3 0.0033 0.0013 0.0012 0.0030 0.8592 0.0991 0.0148 0.0148 0.0043 2

4 0.0244 0.0085 0.0051 0.0184 0.8000 0.0466 0.0454 0.0454 0.0061 3

5 0.0038 0.3996 0.3996 0.0569 0.0675 0.0279 0.0200 0.0200 0.0046 4

Fig. 9 Overlaps in original classical domains

A fault diagnosis model based on weighted extension neural network 9
Moil - resonance ¼

Ooil - resonance 0:01 - 0:39ð Þf1 0:0205;0:0575h i
0:40 - 0:49ð Þf1 0:2724;0:3242h i

0:50f1 0:2724;0:3242h i
0:51 - 0:99ð Þf1 0:1603;0:1624h i

1:0f1 0:0474;0:2129h i
2:0f1 0:0095;0:0799h i

3:0 - 5:0ð Þf1 0:0074;0:0186h i
odd f1 0:0049;0:0186h i
> 5:0f1 0:0028;0:0042h i

2
6666666666666664

3
7777777777777775

ð29Þ
Another weight of the network, the weights of fault features

calculated by Eqs. (19)–(24), are shown in Fig. 10. In this case,
the darker the color is, the more important the feature is.
Please cite this article in press as: WANG T et al. A fault diagnosis model based on w
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4.2.3. Learning rate selection

After obtaining connection weights of W-ENN, the best learn-

ing rate g was selected in this part. A series of learning rate g
ranging from 0.01 to 0.2 was put into the network in order,
and training epochs, training time, diagnosis time, and diagno-

sis accuracy rate were recorded each time.
On the case that all the test samples were diagnosed cor-

rectly, the changes of the training epochs, training time and
diagnosis time varying with g are shown as detailed in

Fig. 11. According to Fig. 11, the training epochs declined
from 29 epochs to 2 epochs distinctly; and the training time
also declined with the increasing g; but the diagnosis time

almost remained the same because of the limited test samples.
To keep these 3 targets at a lower level, we chose 0.19 as the
best learning rate in this experiment Table 5.
eighted extension neural network for turbo-generator sets on small samples with

https://doi.org/10.1016/j.cja.2020.06.024


Fig. 11 Changes of training epoch, training time and diagnosis

time varying with g.

Fig. 10 Weights of fault feature.
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4.2.4. Results and analysis

(1) Training phase

This part aimed to evaluate the performance of the fault
diagnosis model based on W-ENN by comparing it with the
performance of ENN. The network of W-ENN and ENN were

constructed on the basis of the obtained weights above, and
then, 12 training samples were fed into the networks
respectively.

The training phases of the two models are presented in
Fig. 12 and Fig. 13, with the results summarized in Table 6.
Comparing Fig. 12 and Fig. 13, it is noticeable that W-ENN

based model converges faster than ENN based model, with
one converged in 2 epochs while another converged in 3
epochs. At the same time, the training time of W-ENN based
model is also less than the other model (Table 6).

To further investigate the change of the feature centers dur-
ing the training phase, a typical illustration of feature A in
fault type 1 can be seen in Fig. 14. It can be observed that,

in W-ENN, the gradient is larger than that of in ENN, which
Table 5 Results of ENN and W-ENN in training phase.

Model Structure Training epochs Training time(s)

ENN 9-5 3 0.2900

W-ENN 9-5-1 2 0.1910

Please cite this article in press as: WANG T et al. A fault diagnosis model based on w
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contributes to the higher convergence speed of W-ENN. How-
ever, due to the constraints of the feature weights in W-ENN,
the update directions turn to be opposite.

(2) Diagnosis phase
In diagnosis phase, 5 test samples in Table 4 were fed into

the trained models, and the diagnostic results are listed in

detail in Table 7. Ascribing to the overlaps in classical
domains, the identification rate of ENN based model was only
40%, which implies the model could not identify fault patterns

effectively based on the original correlation function. Mean-
while, a significant improvement in identification rate and
diagnosis time can be found in W-ENN based model, with
higher identification rate of 100% and (marginally) less diag-

nosis time.
Generally speaking, we found evidence to suggest that, the

new connection weight and the improved correlation function

added in W-ENN, may contribute to a higher convergence
speed and less training time during training phase, and a
higher identification accuracy and less diagnosis time during

diagnosis phase.

4.3. Effect of sample size on diagnostic models

In order to compare the proposed model with some popular
algorithms commonly used for fault diagnosis of small sam-
ples, which are ENN, SVM, RVM34 and ELM, and evaluate
the effect of sample size on models’ performances, a compara-

tive experiment was conducted in this part. By highlighting the
superiorities of the algorithms, the ratio of the maximum
amplitudes at 9 frequency domains were taken as the input fea-

tures as before. The typical 8 fault conditions of the samples
included unbalance, misalignment, oil-resonance, rubbing,
loose bearing blocks, torsional vibration of bearing, steam vor-

tex and eccentricity of bearing to journal.35 The scale of 16, 24,
32, 40, 48, 56, 64, 72 and 80 samples were selected by stratified
random sampling each time to train the models, and leave-one-

out method was used for cross validation; each experiment was
performed randomly for 50 times to obtain the average fault
diagnosis accuracy of each model. For the SVM based models,
the kernel functions were set as RBF, and grid searches were

performed on C and gamma to determine their optimal combi-
nations in each model. Comparing with SVM based models,
RVM based models did not require complex parameter selec-

tion to avoid over fitting. And after several attempts, the opti-
mal number of hidden layer nodes for ELM based models was
set as 20. The results are illustrated in Fig. 15.

As can be seen in Fig. 15, the diagnosis accuracies of all the
models kept rising with the increase of the sample size gener-
ally. When there were only 16 samples, the accuracies of all
models were less than 50%; and when the sample size reached

56, the accuracies turned to higher than 95%. A striking out-
come is that the accuracy of the proposed model scored far
above than other models when the sample size ranged from

16 to 48; and the accuracy of it reached 95% with only
Errors in Epoch 1 Errors in Epoch 2 Errors in Epoch 3

2 2 0

3 0 -
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Fig. 12 Training phase of ENN.

Fig. 13 Training phase of W-ENN.

Table 6 Results of ENN and W-ENN in diagnosis phase.

Model Diagnostic results Identification rate Diagnosis time(s)

No.1 No.2 No.3 No.4 No.5

ENN 1 1 1 1 1 40% 0.0293

W-ENN 0 1 2 3 4 100% 0.0274

Fig. 14 Change of the feature center of feature A in fault Type 1.

A fault diagnosis model based on weighted extension neural network 11
24 samples, which was much higher than the next best SVM

based model (scored 73.75%); furthermore, the proposed
model was the first model to get 100% accuracy when there
were 40 samples.

It is evident from the overall results that, the more samples,
the better the diagnostic performance of the model. For limited
fault samples diagnosis, ascribing to the good ability to learn
the features’ boundary information fully and quickly on small
Please cite this article in press as: WANG T et al. A fault diagnosis model based on w
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samples, the W-ENN based model proposed in this paper
achieves a better diagnosis performance.

4.4. Effect of noise on diagnostic models

In fault diagnosis, since the appearance of noise in input data

is inevitable, the effect of noise in diagnosis was investigated
experimentally among the 5 models above in previous Sec-
tion 4.2, including the W-ENN based model, the ENN based

model, the SVM based model, the RVM based model and
the ELM based model. The specific parameter settings of the
models were consistent with the settings above. To ensure a
better diagnosis performance of all the 5 models, 48 samples

in 4.2 were selected by stratified random sampling each time
with ±0% to ±30% random uniformly distributed noise
added in this experiment. Leave-one-out method was used

for cross validation. And by obtaining the average fault diag-
nosis accuracy of the models, each experiment was performed
randomly for 50 times. The detailed results are shown in

Table 7.
It is apparent that, in addition to the model presented in his

paper, the accuracy of the other models decreased with the

increasing noise percentages, which is in line with the previous
eighted extension neural network for turbo-generator sets on small samples with
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Table 7 Average diagnosis accuracy of models on various noise percentages.

Noise percentages W-ENN ENN SVM RVM ELM Average accuracy

±0% 100.00% 97.50% 100.00% 100.00% 96.25% 98.75%

±5% 100.00% 97.50% 98.75% 98.75% 98.75% 98.75%

±10% 96.25% 95.00% 98.75% 96.25% 95.50% 96.35%

±15% 100.00% 95.00% 97.50% 96.25% 93.75% 96.50%

±20% 100.00% 95.00% 97.50% 95.00% 92.50% 96.00%

±25% 98.75% 93.75% 97.50% 93.75% 90.00% 94.75%

±30% 100.00% 90.00% 95.00% 93.75% 87.50% 93.25%

Average accuracy 99.29% 94.82% 97.86% 96.25% 93.46%

Fig. 15 Effect of sample size on diagnostic models’

performances.
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work.36 However, as can be seen, the proposed W-ENN model
gave satisfactory results under different degrees of noise, which

scored 99.29% on average. In general, SVM based model per-
formed relatively better than other models, while ENN based
model had a little poor performance at all noise levels. This

could be due to, during the diagnosis process, when using
the amplitudes of frequency domains as the input fault fea-
tures, the SVM and RVM based models seek the optimal deci-

sion boundary to give the predictions by solving the maximum
margin hyper-plane of the samples, while the W-ENN and
ENN based models give the predictions by learning the bound-
ary information of the features. Because of the noise sensitivity

of the upper and lower bounds of features, the W-ENN and
ENN based models tend to be more sensitive to noise in the-
ory. But in fact, with the adjustment of features’ weights, W-

ENN based model achieves a better noise-tolerant ability at
all noise levels.

Generally speaking, in small sample fault diagnosis, the

higher the noise ratio, the worse the diagnosis accuracy of
the model. However, we found evidence to suggest that noise
may make a slight influence on diagnosis ability of the pro-
posed W-ENN based model, which means, W-ENN based

model has good potential in noise tolerance.

5. Conclusions

(1) A novel neural network, weighted extension neural net-
work (W-ENN), is designed and introduced first. For
the sake of optimizing the membership degree of the

neural network, W-ENN is improved by adding a new
connection weight, which is the feature weights calcu-
Please cite this article in press as: WANG T et al. A fault diagnosis model based on w
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lated from training data, and re-designing the correla-
tion function to better describe the distance between
samples.

(2) In an attempt to address the problem of small sample

fault diagnosis with noise for turbo-generator sets, a
new fault diagnosis model is proposed based on W-
ENN. Surprising outcomes of comparative experiments

show that the proposed model outperforms other mod-
els in terms of higher identification rate with fewer sam-
ples and more stable noise-tolerant ability on small

sample fault diagnosis.
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