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Abstract
To address the issue of low accuracy in rotating machinery fault identification,
a novel method for rotor system fault pattern identification is proposed by
integrating ensemble empirical mode decomposition (EEMD), energy moment,
and neighborhood rough set (NRS). Initially, EEMD is employed to adaptively
decompose the collected vibration fault signals into several stationary intrinsic
mode function (IMF) components, and their energy moments are calculated.
These energy moments serve as conditional attributes describing the fault state
to construct a fault identification decision table. Subsequently, neighborhood
rough set is utilized to perform attribute reduction on the decision table, thereby
eliminating redundant attributes. Finally, the reduced sensitive feature subset is
fed into the designed decision tree (DT) C4.5 algorithm for pattern recognition.
The effectiveness of the proposed method is validated using fault feature sets
from a typical rotor test rig.

Full Text
Rotor Fault Data Set Classification Method Based on
EEMD Energy Moment and Neighborhood Rough Sets
Sun Zejin, Zhao Rongzhen
(School of Mechanical & Electronical Engineering, Lanzhou University of Tech-
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Abstract: Aiming at the problem of low recognition accuracy in rotating ma-
chinery fault diagnosis, this paper proposes a rotor system fault identification
method based on the combination of ensemble empirical mode decomposition
(EEMD) with energy moment and neighborhood rough sets (NRS). Firstly, the
method uses EEMD to decompose non-stationary vibration signals into several
stable intrinsic mode functions (IMFs) and calculates the energy moment of
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each IMF component. Using this energy moment as the condition attribute to
describe the fault state, a fault identification decision table is established. Then,
neighborhood rough set theory is applied to perform attribute reduction on the
decision table to eliminate redundant attributes. Finally, the reduced sensitiv-
ity feature subsets are used as input to the decision tree C4.5 algorithm for
recognition. Experimental results demonstrate that this method can effectively
improve the accuracy of rotor fault identification.

Keywords: ensemble empirical mode decomposition; intrinsic mode functions;
energy moment; decision table; neighborhood rough set; attribute reduction;
decision tree C4.5 algorithm

0 Introduction
Rotor faults in rotating machinery pose significant hazards. Since rotors typi-
cally operate in multi-vibration source environments, traditional single-diagnosis
modes struggle to comprehensively and accurately capture fault characteristics.
Therefore, constructing fault data sets from multi-channel signals has a posi-
tive effect on promoting the development of intelligent diagnosis technologies.
However, such high-dimensional fault feature sets from multi-channel fusion in-
evitably contain redundant attributes, which undoubtedly increases classifier
learning and training time, and may even reduce analysis accuracy. Conse-
quently, comprehensively mining sensitive fault feature information and elimi-
nating redundant attributes is particularly important for improving fault recog-
nition precision.

Currently, the attribute reduction method based on neighborhood rough sets
proposed in literature [4] provides a good solution to the curse of dimensionality,
but the selection of condition attributes requires further research. Literature [5]
proposed a liquid solenoid valve fault diagnosis method based on EMD and
neighborhood rough sets, and demonstrated its effectiveness through experi-
ments. Literature [6] used IMF energy moments after EMD decomposition to
construct feature vectors and achieved precise diagnosis of rolling bearing faults.
However, when EMD decomposes complex signals with multi-modal mixing, it
can cause mode mixing in IMF components, leading to low decomposition pre-
cision. This results in some IMF component energy moments being unable
to accurately describe the working state, leaving the problem of insufficiently
high precision in rotor fault type identification to be solved. Furthermore, ro-
tor system fault identification requires additional research. The introduction of
multi-domain features allows 多元冗余信息 (multiple redundant information) to in-
filtrate the data, ultimately leading to low fault recognition accuracy. Therefore,
dimensionality reduction methods are needed for effective secondary feature ex-
traction to obtain low-dimensional sensitive primary feature vectors.

Empirical Mode Decomposition (EMD) [7], proposed by Huang et al., is a
new adaptive time-frequency analysis method that can perform adaptive time-
frequency decomposition according to the local time-varying characteristics of
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signals. It is highly suitable for feature extraction from nonlinear and non-
stationary signals. However, current EMD decomposition suffers from endpoint
effects and mode mixing phenomena. To address these issues, Wu and Huang et
al. introduced noise-assisted analysis based on the EMD method and proposed
the Ensemble Empirical Mode Decomposition (EEMD) method [8], which can
achieve the same decomposition purpose as EMD while effectively suppressing
mode mixing [9].

To achieve rapid recognition between low-dimensional vectors after neighbor-
hood rough set attribute reduction and fault types, a simple and high-precision
intelligent classifier must be selected. Such classifiers evaluate similarity be-
tween training and test samples through certain measurement rules, then assign
test samples to the type that has the most neighboring sample points. In other
words, fault identification is accomplished by finding the nearest known-labeled
samples and assigning their label information to the samples to be classified.
Decision trees [15], with their simplicity, intuitiveness, and good classification
performance, have been widely applied in fault diagnosis.

Based on the above analysis, this study proposes a rotor fault data classifica-
tion method that combines EEMD energy moment with neighborhood rough
sets and decision tree algorithms. Leveraging EEMD’s ability to effectively ob-
tain characteristic distribution types from rotor vibration signals, the method
uses energy moment indicators to select IMF components containing fault infor-
mation after decomposition, constructs a feature vector matrix for rotor fault
classification, and applies the advantages of neighborhood rough sets in attribute
reduction and decision tree algorithms in data classification to rotor system fault
diagnosis, providing a reference approach for dimensionality reduction and fault
classification of rotor fault data sets.

1.1 EEMD Signal Decomposition Principle
EEMD decomposition can adaptively decompose nonlinear, non-stationary
multi-modal signals into several stable single-modal IMF components and a
residual term according to the signal’s own characteristics [8]. In traditional
EMD methods, discontinuities in IMF components cause mode mixing in
adjacent waveforms, primarily due to two reasons: (a) insufficient extreme
points in the signal causing decomposition to stop; and (b) non-uniform
distribution intervals of extreme points when using cubic spline functions
to fit them. To overcome these defects, literature [8] proposed the EEMD
decomposition method.

This method utilizes the statistical characteristic of uniform frequency distribu-
tion of Gaussian white noise to compensate for the discontinuity defects men-
tioned above. For specific details of the EEMD decomposition process, please
refer to literature [10].
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Definition of IMF Energy Moment

EEMD decomposition of collected vibration signals yields several IMF compo-
nents and a residual term. Research in literature [11] shows that rotor sys-
tem fault information is mainly concentrated in the first few IMF components.
Therefore, fault feature information is generally extracted from these primary
IMF components. However, to avoid missing fault information, this experiment
calculates the energy moments of 11 IMF components and one residual term.

a) For a signal sequence, the energy moment of each component after EEMD
processing is calculated as shown in Equation (1).

𝐸𝑖 =
𝑛

∑
𝑚=1

(𝑎𝑡)2 ⋅ Δ𝑡, 𝑖 = 1, 2, 3, … , 𝑛

𝑇 = [𝐸1, 𝐸2, 𝐸3, … , 𝐸𝑛]

where: 𝑎𝑡 is the intrinsic mode function; Δ𝑡 is the sampling period; 𝑛 is the
total number of sampling points; and 𝑚 is the sampling point.

b) Using the energy moment of each IMF component as elements, a feature
vector 𝑇 describing the fault state can be constructed.

Energy moment has unique performance in mechanical signal information quan-
tity evaluation and information component analysis. Compared with traditional
methods that use signal energy or energy entropy to describe rotor system char-
acteristics, energy moment can reflect both the magnitude of energy and its
distribution over time parameters, better revealing energy distribution charac-
teristics and signal essence features, which is beneficial for rotor system fault
feature extraction [6].

1.3 Neighborhood Rough Sets and Attribute Reduction
Concepts
Pawlak’s rough set theory [12] can only handle discrete precise sets and requires
discretization of numerical data before processing, which may lose important
information and affect final results. Hu Qinghua et al. [13] proposed the con-
cept of neighborhood rough sets, which can directly process continuous data
sets, solving the necessary discretization step in classical rough set theory and
avoiding information loss caused by discretization.

Given a neighborhood decision system 𝑁𝐷𝑇 = ⟨𝑈, 𝐴, 𝐷⟩, where: -
𝑈 = {𝑥1, 𝑥2, ⋯ , 𝑥𝑛} is the experimental sample set (the universe) -
𝐴 = {𝑎1, 𝑎2, ⋯ , 𝑎𝑚} is the set of all condition attributes describing the
universe - 𝐷 is the classification decision attribute (i.e., fault type) - According
to 𝐷’s attribute value domain, 𝑈 can be partitioned into 𝑁 equivalence classes:
𝑈/𝐷 = {𝑋1, 𝑋2, ⋯ , 𝑋𝑁} - 𝐵 ⊆ 𝐴 generates a neighborhood relation 𝑁𝐵 -
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The upper and lower approximations of decision attribute 𝐷 with respect to
condition attribute subset 𝐵 are respectively:

𝑁𝐵𝐷 =
𝑁
⋃
𝑖=1

𝑁𝐵𝑋𝑖

𝑁𝐵𝐷 =
𝑁
⋃
𝑖=1

𝑁𝐵𝑋𝑖

The boundary region of the decision system is:

𝐵𝑁𝐵(𝐷) = 𝑁𝐵𝐷 − 𝑁𝐵𝐷

The positive and negative domains of the neighborhood decision system are
respectively:

𝑃𝑂𝑆𝐵(𝐷) = 𝑁𝐵𝐷
𝑁𝐸𝐺𝐵(𝐷) = 𝑈 − 𝑁𝐵𝐷

The dependency degree reflects the proportion of samples that can be correctly
classified in the system, obviously 0 ≤ 𝛾𝐵(𝐷) ≤ 1. The larger the positive do-
main, the stronger the dependency of decision attribute 𝐷 on condition attribute
𝐵.

𝛾𝐵(𝐷) = |𝑃𝑂𝑆𝐵(𝐷)|
|𝑈|

If 𝑎 ∈ 𝐵, then the importance of condition attribute 𝑎 for decision attribute 𝐷
is:

𝑆𝑖𝑔(𝑎, 𝐵, 𝐷) = 𝛾𝐵∪{𝑎}(𝐷) − 𝛾𝐵(𝐷)

Attribute reduction is one of the core concepts in neighborhood rough set theory
research. It is the concept of using indiscernibility relations to delete redundant
attributes while keeping the classification ability of the decision table unchanged.
This helps eliminate redundant attributes and reduce time and space complexity
of data processing. Based on the attribute importance index, a greedy attribute
reduction algorithm can be constructed [14].

Algorithm Input: 𝑁𝐷𝑇 = ⟨𝑈, 𝐴, 𝐷⟩
Algorithm Output: Attribute reduction subset 𝐵
Steps: a) Initialize attribute reduction subset 𝐵 = ∅ b) For any remaining
attribute 𝑎𝑖 ∈ 𝐴 − 𝐵, calculate the importance of this attribute relative to
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reduction subset 𝐵: 𝑆𝑖𝑔(𝑎𝑖, 𝐵, 𝐷) c) Select the attribute with maximum im-
portance 𝑆𝑖𝑔(𝑎𝑗, 𝐵, 𝐷) = max(𝑆𝑖𝑔(𝑎𝑖, 𝐵, 𝐷)). If 𝑆𝑖𝑔(𝑎𝑗, 𝐵, 𝐷) > 0, then add
attribute 𝑎𝑗 to the attribute reduction subset 𝐵 = 𝐵 ∪ {𝑎𝑗} and return to step
b) to continue calculation. Otherwise, terminate the program and output the
final reduction result.

1.4 Decision Tree Algorithm
Decision tree is a widely used classification algorithm whose core is the C4.5
algorithm, proposed by Quinlan based on the ID3 algorithm [15]. The core
issues of decision trees are test attribute selection and tree pruning. The C4.5
algorithm uses information gain ratio as the criterion for selecting branch at-
tributes, overcoming the shortcoming of ID3 algorithm’s bias toward attributes
with many values when using information gain for attribute selection [16].

2 Design of Fault Dataset Classification Method Based on
EEMD Energy Moment and Neighborhood Rough Sets
2.1 Design of Fault Diagnosis Method Based on EEMD
Energy Moment and Neighborhood Rough Sets
Since Sections 1.1 and 1.2 have detailed the EEMD decomposition process and
high-dimensional feature set construction process, this section will not repeat
them. Attribute reduction is an important application of neighborhood rough
set theory. Neighborhood rough sets compensate for the defect in classical
rough set theory that requires discretization when processing continuous data.
After reduction by neighborhood rough sets, redundant features in the data are
deleted, reducing data processing complexity and facilitating subsequent fault
classification.

Based on the EEMD-NRS algorithm principle, the rotor system fault diagnosis
process is designed as shown in Figure 1 [Figure 1: see original paper].

Figure 1 Flow chart of fault diagnosis based on EEMD energy moment and
neighborhood rough set theory

Specific algorithm steps: a) Perform EEMD decomposition on collected sig-
nals from five states: unbalance, misalignment, rubbing, looseness, and normal,
obtaining several IMF components and a residual term for each. b) Calculate
the energy moment of each IMF component using Equation (1), and construct a
vector 𝐸 = (𝐸1, 𝐸2, ⋯ , 𝐸𝑚) using the energy moments of each IMF component
as the feature vector for rotor fault states. c) Use the feature vector matrix 𝐸 to
construct a high-dimensional feature set and generate a decision table. Apply
neighborhood rough sets for attribute reduction on the decision table, calculat-
ing the importance of each condition attribute using Equation (11), and select
the attribute set with relatively high importance to add to the reduction set. d)
Use the reduced low-dimensional sensitive feature subset as input to train and
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build a decision tree model for fault type identification.

3 Application Results Analysis
The fault data set used in this work originates from the rotor test bench shown
in literature [17]. Experimental data were collected at a sampling frequency
of 5000 Hz with a drive motor speed of 2800 r/min. The following four typical
faults were simulated: {support looseness, rotor-stator rubbing, mass unbalance,
and shaft misalignment}, along with the normal state.

3.1 Status of Extracted Fault Features
The time-domain waveforms of raw vibration signals measured under four fault
conditions and normal state are shown in Figure 2 [Figure 2: see original paper]
(due to space limitations, only the raw vibration signal of the first channel under
misalignment state is listed). For feature extraction analysis of the Figure 2
signal, EEMD processing was performed on vibration signals from each channel
(12 channels total) for each state. To select real feature components containing
fault information, the energy moment evaluation index was introduced. This
paper uses misalignment fault data with a signal length of 2048 points as an
example to illustrate the evaluation method. In this experiment, the auxiliary
white noise standard deviation for EEMD was set to 0.2 times the original
standard deviation with 𝑀 = 100. Taking the misalignment fault signal as an
example, its decomposition results are shown in Figure 3 [Figure 3: see original
paper]. It can be seen that 11 IMF components and one residual term were
decomposed, and Equation (1) was used to calculate the energy moments of
these components.

As shown in Figure 4 [Figure 4: see original paper], the energy of the 11 decom-
posed IMF components and one residual term varies significantly. Therefore,
to avoid missing fault information, the energy moments of 12 components were
selected to establish the diagnosis model in the experiment. Fifty sample groups
were collected for each fault, plus the normal state, totaling 250 groups to gen-
erate the decision table. The obtained energy moment features were set as
condition attributes in the decision table, while decision attribute values 1, 2,
3, 4, and 5 correspond to the five states of misalignment, unbalance, rubbing,
looseness, and normal, respectively. Then attribute reduction was performed
on the decision table as shown in Table 1 . In Table 1, 𝑎1 to 𝑎144 are used as
condition attributes of the neighborhood rough set, and the last column showing
each sample’s fault type is used as the decision attribute of the neighborhood
rough set.

Typically, the neighborhood size can be obtained according to Equation (13)
[18]:

𝛿(𝑎𝑖) = 𝜆 ⋅ 𝑆𝑡𝑑(𝑍𝑖)
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where 𝑆𝑡𝑑(𝑍𝑖) represents the standard deviation of attribute 𝑎𝑖, and 𝜆 is a set
parameter used to adjust neighborhood size. Different 𝜆 values correspond to
different neighborhood radii, typically 𝜆 ∈ [2, 4] [4]. As shown in Table 2 , to
achieve optimal diagnosis results, 𝜆 was varied with a step size of 0.1 to obtain
different neighborhood radii and reduction sets. The reduced results were input
into the decision tree classifier, and classification results were compared. It was
found that under different lower limits of attribute importance, the reduced
attributes varied when 𝜆 = 3, and the best classification effect was achieved
when the importance lower limit was 0.01 and 𝜆 = 3.

After calculating the dependency degree of each condition attribute using Equa-
tion (10), the optimal feature reduction set output by the attribute reduction
algorithm is 𝐴 = {𝑎4, 𝑎41, 𝑎113}.

Decision Tree Construction: For the 250 collected sample groups, training
was performed using random allocation. MATLAB’s randperm function was
used to randomly generate 250 random numbers from 1 to 250 (i.e., a random
permutation of 1-250). The first 200 groups were assigned as training samples
and the remaining 50 as test samples. This experiment was repeated 10 times.
To compare the fault identification effect of this method, both EMD decom-
position and EEMD decomposition were performed. The classification effect
comparison of the two methods is shown in Figure 5 [Figure 5: see original pa-
per] and Table 3 . Figures 5(a)-(d) show the decision tree model classification
effect diagrams constructed with sample data before and after neighborhood
rough set reduction, respectively. Table 3 shows the diagnosis results before
and after reduction for both methods.

Table 1 The decision table before and after neighborhood rough set reduction

Condition Attributes A … Decision Attribute D
399.9463064 … 2.40E-05
398.7100662 … 3.52E-05
… … …

Table 2 Comparison of classification accuracy under different importances and
𝜆
[Table content showing classification accuracy variations]

From Figures 5(a)-(d), it can be seen that although both before and after reduc-
tion using EEMD decomposition have four leaf nodes and the same tree size,
the pre-reduction version used 4 attribute values to distinguish the five states,
while the post-reduction version distinguished all states using only 3 attribute
values. For EMD decomposition, there were four leaf nodes before reduction
but only three after reduction, with the pre-reduction version requiring 4 at-
tribute values to distinguish the five states, while the post-reduction version
distinguished all states using only 2 attribute values. Table 2 shows that the
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recognition accuracy after EEMD decomposition is higher than that after EMD
decomposition. The reason is that EMD decomposition causes mode mixing in
IMF components, which leads to the deletion of useful mixed attribute values
during attribute reduction, resulting in information loss. Although the deci-
sion tree model constructed with EMD requires fewer leaf nodes and condition
attribute values than EEMD, the final fault recognition accuracy is relatively
lower.

Figure 5 Schematic diagram of decision trees before and after neighborhood
rough set reduction

Table 3 Recognition accuracy before and after neighborhood rough set reduc-
tion

Method MisalignmentUnbalanceRubbingLoosenessNormal

Average
Recognition Rate
(%)

EEMD-
NRS-DT
EEMD-
DT
EMD-DT
EMD-
NRS-DT

To further verify the superiority of the EEMD-NRS-DT method, this paper
compares the recognition results of BP neural network and decision tree meth-
ods using low-dimensional vectors after attribute reduction and original high-
dimensional feature sets under different training sample quantities, as shown in
Table 4 . The results show that: (a) Whether using decision tree or neural net-
work methods, recognition efficiency improves after feature reduction, and the
comprehensive diagnosis rate does not decrease significantly, because neighbor-
hood rough set attribute reduction eliminates redundant features and improves
system efficiency; (b) The recognition accuracy of decision trees is higher than
that of BP neural networks, because conventional BP neural networks can be
seen as a “black box” with unknown internal structure, making the learning
process unobservable and output results difficult to interpret. BP networks also
require numerous parameters such as network topology, weights, and threshold
initial values. Using gradient descent methods, they are prone to falling into lo-
cal minima, have long training times, and slow convergence. Moreover, there is
no unified and complete theoretical guidance for BP network structure selection,
which generally can only be determined empirically. In contrast, decision trees
are easy to understand and interpret, have low requirements for data prepara-
tion, while many other classification algorithms have certain constraints on data
attributes and require generalization before application. Neural networks also
need to convert discrete attributes to numerical attributes before processing,
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whereas decision trees require no such conversion. Additionally, decision trees
are a “white box” model that can conveniently derive corresponding logical rules.
Since decision trees can be constructed for data sets with many attributes, they
scale well to large databases. Their size is independent of database size and can
produce feasible and good results on large data sources in relatively short time.

By comparing the classification results of EMD-NRS-DT and EEMD-NRS-DT,
it is evident that using the EEMD energy moment and neighborhood rough set
diagnosis model for rotor system fault diagnosis is reasonable.

Table 4 Recognition accuracy (%) corresponding to different sample numbers

Training/Test Sample Numbers 100/150 150/100 200/50
EMD-DT
EMD-BP
EEMD-DT
EEMD-BP
EMD-NRS-DT
EMD-NRS-BP
EEMD-NRS-BP
EEMD-NRS-DT

4 Conclusion
a) To effectively identify rotor system faults and improve fault recognition

rate, this paper proposes a method combining EEMD energy moment with
neighborhood rough sets and decision trees. Through experiments simulat-
ing five states of the rotor system (normal, support looseness, rotor-stator
rubbing, mass unbalance, and shaft misalignment), the rationality of this
method for fault diagnosis of rotor system vibration signals is verified.

b) To address the large amount of redundant information in IMF compo-
nents after decomposition, a greedy attribute reduction algorithm based
on neighborhood rough sets is applied to reduce the condition attribute
set. Finally, a decision tree is built using the reduced attribute subset. Af-
ter training, the diagnostic accuracy of the obtained model reaches 100%,
achieving the expected results.

c) Experimental results from rotor test bench fault data sets demonstrate
that the fault classification mode based on EEMD energy moment
combined with neighborhood rough set attribute reduction provides
better fault identification performance compared with traditional EMD-
neighborhood rough set diagnosis methods, offering a solution approach
for intelligent diagnosis of complex rotating machinery faults.
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