§ sciendo

FAULT DIAGNOSIS BASED ON IMPROVED INFORMATION ENTROPY

Lei Hu'

POLISH MARITIME RESEARCH 3 (127) 2025 Vol. 32; pp. 118-130
10.2478/pomr-2025-0040

AND 1DCNN FOR MARINE TURBOCHARGER ROTOR WITH
VARIABLE SPEED

Haoran Hu'
Nao Hul*
Luyuan Liu’

Fei Dong!

Jianguo Yang'

Jiahong Zhong?

! Wuhan University of Technology, School of Naval Architecture, Ocean and Energy Power Engineering, Wuhan, China

*> Chongging Jiangjin Shipbuilding Industry Co., Ltd, China

* Corresponding author: nao.hu@whut.edu.cn (Nao Hu)

ABSTRACT

Due to the lack of a standardised method for determining representative locations for measuring points, it is difficult
to select sensitive data on turbocharger rotor faults. In addition, the uncertainty in the feature parameters used for
diagnosis under variable rotational speeds leads to low accuracy in fault identification. To address these issues,
vibration signals from a turbocharger rotor under various conditions are obtained in this study via a fault simulation
test, and a fault diagnosis method for rotor faults under variable speed conditions is proposed based on a sensitivity
and multi-dimensional feature analysis of measurement points. The sensitivity of the improved and traditional
information entropy is evaluated using a variance analysis across the measurement points, and the most effective
vibration measurement points are selected based on the improved information entropy. The effective characteristic
parameters of the vibration signals at multiple measurement points are analysed and extracted, and the number
of dimensions of the feature parameters is reduced using the t-distributed stochastic neighbour embedding (t-SNE)
method. Faults in the turbocharger rotor at the different speeds are classified using a one-dimensional convolutional
neural network (IDCNN), and the arithmetic ability of the diagnostic algorithm is evaluated. The results demonstrate
that the proposed methods of selecting measurement points and fault diagnosis can effectively identify rotor faults at
different degrees and various speeds: the accuracy of fault diagnosis is 99.85%, and the arithmetic ability is markedly
enhanced compared with that of traditional methods.
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INTRODUCTION

When used in a marine engine, a turbocharger can make
effective use of the energy from the outlet gases, which
improves thermal efficiency and significantly enhances
power [1-3]; these devices therefore play a crucial role in
ensuring that diesel engines can provide the continuous
and stable power required for ship navigation, as well as
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reducing the environmental impact of exhaust emissions
[4,5],and are widely used in marine power systems. However,
turbochargers are used under harsh conditions, including
unpredictable events (such as high rotational speeds), variable
operating conditions, stringent lubrication requirements,
variation in the thermal load of the engine, and quickly
changing temperatures of exhaust gases, among others [6,7].
These factors may induce rotor imbalance in a turbocharger
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through multiple mechanisms, such as impact damage
to the compressor blades caused by object ingestion, and
striking damage to the turbine blades resulting from engine
carbon deposits. These modes of failure may also interact
synergistically, resulting in an asymmetric mass distribution
of the rotor. It is therefore important to study fault diagnosis
methods for a turbocharger rotor under variable and high-
speed conditions, to ensure the stable operation of marine
engines.

Fault diagnosis methods for rotating machinery mainly
rely on model-based and data-driven approaches. Data-driven
fault diagnosis offers high accuracy, and enables real-time
detection through the acquisition of vibration signals from
sensors. Many of the current fault diagnosis methods are
therefore data-driven, based on vibration signals, and a data-
driven diagnostic methodology is adopted in this study [8].
Methods based on support vector machine (SVM) [9-11],
Pearson correlation coefficients, long short-term memory
(LSTM) networks [12], BP neural networks [13] and wavelet
analysis [14,15] have been used for theoretical analysis and
experimental verification of fault diagnosis; however, in these
studies, signals have been obtained from a single measurement
point, or information on one or more of the X-, Y-, and
Z-directions is lacking, leading to the loss of valuable data
and reduced diagnosis accuracy. To address the issue of the
limited information contained in signals from single points,
data-layer fusion of signals from multiple measurement points
has been studied by Qiao Jingguo [16] and Xu Wangmin
[17]. This method enables signals from various measurement
points to be fully used, thereby improving the accuracy of
fault diagnosis. However, fusion of all measurement points
at the data layer requires extended processing times, which
degrades real-time data processing performance, while real-
time capability is crucial for the online diagnosis of marine
power systems [18]. Furthermore, the inclusion of invalid
or redundant information from some measurement points
cannot be prevented [19,20].

Moreover, the studies described above have not considered
the impact of speed variations on diagnostic results. Since the
rotational speed of a turbocharger varies significantly with
fluctuations in engine load, the robustness of fault diagnosis
methods across diverse speed conditions is critical [21,22].
Hence, the adaptability of these methods to variable-speed
operating conditions cannot be verified. To address this issue,
Fei Dong et al. [23,24] used time-frequency analysis and
TrAdaBoost transfer learning methods to carry out fault
diagnosis for a marine turbocharger at multiple speeds based
on vibration signals. Qiao Qi et al. [25] used Desnet-ViT
joint network transfer learning to generate a model for rotor
fault diagnosis under variable-speed operating conditions,
in which the network was trained on motor bearing signals.
Both methods achieved good diagnostic results. However, the
primary objective of transfer learning is to reduce the training
time for the model. When transfer learning is used for fault
diagnosis under variable speed conditions, the classifier model
still requires a small amount of data from the target domain
for re-training. In real-time fault diagnosis processes, training

the model on the target domain data at the current rotational
speed is time-consuming. Consequently, the method
described above is not adaptable to real-time fault diagnosis
under variable speed conditions. It is therefore necessary to
propose a diagnosis method for turbocharger rotor faults with
the characteristics of short time consumption, high accuracy
and adaptability to variable speeds.

Tab. 1. List of abbreviations

IIE | Improved information entropy

TIE | Traditional information entropy

PCA | Principal component analysis

KPCA | Kernel principal component analysis

t-SNE | t-distributed stochastic neighbour embedding

1DCNN | One-dimensional convolutional neural network

Data processing time after selecting the measurement

DPT .
points

DPT_S | Data processing time using all measurement points

RAMO | Random access memory occupation

CR | Complex rate

Empirical mode decomposition

IMF | Intrinsic mode function of VMD

k | Number of VMD modal components

u, | Modal function of VMD

w, | Central frequency of u,

0, | Partial derivative with respect to time

d(t) | Dirac function

E. | Event of information entropy of the th IMF component

Value of the th frequency-domain signal data point in the
th IMF component

Frequency value corresponding to x,;

IIE under one of the rotational speed categories

Value of IIE under all rotational speeds

IIE of one of the fault states under all rotational speeds

Final IIE of one of the measurement points

Average value of IIE for all measurement points

SE | Sensitivity of ITE for all measurement points

x. | th data point in the time series signal

u | Average value of the time series signal

o | Standard deviation of the time series signal

Amplitude of each spectral line of the time series signal
spectrum

f | Frequency corresponding to P

S1 | Centre of gravity frequency

§2 | Mean square frequency

y | Output of the convolutional layer of IDCNN

x| Output of the th convolutional kernel of the {—1" layer

k" | Weight between the ith and j" neurons of the I" layer
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METHOD AND FLOW OF FAULT
DIAGNOSIS

In this study, a turbocharger rotor fault simulation
experiment was conducted. Vibration measurement points
were arranged at multiple positions and directions on the
turbocharger test bench to collect signals from various
parts of the turbocharger. Since the signals acquired from
different measurement points have varying levels of diagnostic
relevance, the selection of sensitive measurement points is
essential in order to optimise the fault detection accuracy.
To address this, an improved information entropy (IIE)
method is proposed, which enables systematic identification
of sensitive measurement points through a comparative
analysis of ITE values.

Next, the trends of vibration signal feature parameters were
analysed. Parameters demonstrating strong discriminative
capabilities across varying rotational speeds were selected
from the measurement points to construct a high-dimensional
feature vector for fault characterisation.

Finally, dimensionality reduction was performed on the
feature vector using the t-SNE method. The reduced feature
vector was subsequently employed for fault diagnosis viaa 1D
convolutional neural network (IDCNN).

The overall flowchart of fault diagnosis in the paper is
shown in Fig. 1.

Before calculating the information entropy, it is
necessary to decompose the signal to compute the entropy
characteristics of the decomposed signals for each order.
The most commonly used signal decomposition methods
include empirical modal decomposition (EMD), ensemble
EMD (EEMD) and variational mode decomposition (VMD).
As an improved version of the EMD algorithm, EEMD can
solve the mode aliasing problem that arises with the EMD
method to a certain extent, and many fault diagnosis studies
based on the EEMD method have achieved good results.
However, if the noise amplitude is not chosen properly, it may
lead to instability in the EEMD results or introduce additional
errors [29]. Under the high-speed operational conditions of
a turbocharger and the significant background noise in the
vibration signals, the VMD method yields superior anti-
aliasing and noise suppression performance compared to the
EMD and EEMD methods [30,31]. This enhanced capability
makes it particularly suitable for processing turbocharger
vibration signals in noise-intensive environments. The VMD
constrained variational model is shown in Eq. (1).

min
{wd{wi}

{Zelloc L) + G/mt)) « w12}, .t ewe = £ (1)

where u, is the modal function, w, is the centre frequency of
u,, d, is the partial derivative with respect to time t , §(£) is the
Dirac function, and (j/mt)

is the Hilbert transform
operator. If the vibration

| signal fof the turbocharger

is decomposed into k

modal components, it is

necessary to ensure that the

decomposition sequence

is a finite bandwidth

modal component with

a centre frequency, while

the sum of the estimated
bandwidths for each mode

is minimised, and the
constraint is that the sum of all the modes is equal to that of

Fig. 2 shows the spectra for the selected modal components
(levels 4-6) at the minimum rotational speed (35,000 rpm)
and maximum speed (60,000 rpm). It can be seen that the sixth
modal component contains critical frequency components
such as the fundamental frequency and harmonics across both

L L Arrangement of

= 5 i Grinding of « | Measurement of (@ : | ) S .
L e > %% rotor blade _.Q unbalance I me’;‘:i':":““‘ H»{ <A | Vibration signals
Selection of sensitive Variational modal Calculation of improved L Comparison of improved Selection of sensitive
measurement points decomposition information entropy information entropy measurement points
Selection of effective Signals from sensitive . Calculatlon of Analysis of the trends of Selectlon of effective
feature parameters measurement points characteristic parameters characteristic parameters feature parameters

Dimensional reduction an Matrix of characteristic Dimensiun..:ll reduction Fault diagnosis with . . .
" N oters with 1DCNN » Result of fault diagnosis
diagnosis parame t-SNE
Fig. 1. Flowchart of the process
the original signal.
INFORMATION ENTROPY

Information entropy is a statistical value that represents the
amount of information contained in a signal: the greater the
information entropy, the greater the amount of information
contained in the signal [0. There are many methods for
calculating the information entropy. One of the most widely
used involves first converting time-domain signals into
frequency-domain signals via Fourier transform, and then
calculating the information entropy from the frequency-
domain signals.
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speed ranges, while the fourth modal component effectively
confines the signal frequency to approximately 12.8 kHz,
ensuring that the reconstructed signal remains within the
measurable frequency range of the sensor.



Amplitude/g

)

Orders of the 5

modal compenents T
4y 5000

- e
10000 15000
Frequency/Hz

(a) 35,000 rpm

Fig. 2. Results from VMD

IMPROVED INFORMATION ENTROPY

Information entropy is typically used as a characteristic
parameter of vibration signals, and is not considered as an
indicator for evaluating the amount of information contained
at measurement points [29]. In addition, when calculating the
traditional frequency-domain information entropy (TIE),
the probability of events only contains the amplitude of the
energy. For a turbocharger under variable rotational speed
conditions and a multi-bladed structure at the compressor
and turbine, attention should also be paid to the frequency
characteristics, such as the fundamental frequency, the
octave frequency and its side frequency. In view of this, the
IIE calculation method is modified by updating the definition
of an event E from Eq. (2) to that in Eq. (3). In addition, to
avoid randomness in the information entropy across different
rotational speeds and measurement points, the information
entropy of the different rotational speeds is summed and then
averaged over all fault states, as shown in Eqs. (4) and (5).
The spectra for some signals are shown in Fig. 3, with certain
features such as the fundamental frequency and harmonics.
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E; = Y0 (= fij) (3)

where j is the number of data points of the frequency-domain
signal, x,, is the value of the j" frequency-domain signal data
pointin the i IMF component, and £ is the frequency value
corresponding to x.

H, = ;cn=1Hv 4)

where v is the number of rotational speed categories (if the
acquired signal contains m different speeds, the value of v
ranges from 1 to m), and H  is the value of the IIE under all
rotational speeds.

__ Hyq1+Hy++Hyq

H, = (5)

a

where c is the number of the measuring points, H  is the
IIE of one of the fault states under all rotational speeds, a is
the number of fault states, and H _ is the value of IIE which is
finally needed of the cth measurement point.

SIMULATION EXPERIMENT
AND SENSITIVE FEATURES OF THE ROTOR

EXPERIMENTAL DESIGN AND DATASET
ACQUISITION

The rotor fault simulation test was carried out using
amarine turbocharger test bench. The rotor was first polished
to adjust the edge mass, in order to simulate various degrees of
imbalance, and the value of the rotor imbalance was measured
with a dynamic balancing machine. The configuration of the
rotor imbalance test bench is shown in Fig. 4, and the different
degrees of rotor imbalance fault are defined in Table 2. To reflect
the operational lifecycle of a turbocharger, a slight imbalance
is defined as an early-stage fault of the rotor, while a severe
imbalance is classified as a late-stage fault. Turbocharger
rotors with different degrees of imbalance were installed in
the machine to carry out fault simulation tests. To avoid a high
temperature near the turbocharger shell, eight measurement
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points were arranged at different locations near the bearing
and foot of the turbocharger, with specific locations and
directions as shown in Fig. 5 and Table 3. The hot exhaust
gases generated by a diesel combustion chamber were used
as the power input to the turbocharger. The vibration signals
were collected with B&K 4534B accelerometers and a Siemens
Simcenter SCADAS Mobile acquisition system, and the test
conditions and sampling parameters are shown in Table 4.

Vibration sensor

Imbalance
level

" Impeller
grinding
position

Rotor imbalance monitoring

Bracket for turbocharger rotor
system

Fig. 4. Composition of the rotor imbalance test bench

Tab. 2. Degree of rotor imbalance and corresponding fault

Imbalance /g*mm Degree of fault
3.4 Normal
7.6 Minor imbalance
10 Severe imbalance

Ethernet

PC

2
,I
|

Turbocharger seat

Simcenter SCADAS Mobile
jbration and Noise Test System
Vibration measurement points

Fig. 5. Layout of the signal acquisition system and measurement points

Tab. 3. Locations of the different measurement points

Number | Direction Location

1 7 Vertical direction of the foot on the
compressor side

5 7 Vertical direction of the foot on the turbine
side

3 7 Vertical direction of the foot on the turbine
side

4 7 Vertical direction of the foot on the
compressor side

5 7 Vertical direction of the bracket on the
compressor side

6 v Vertical to the rotor axle on the compressor
side

7 X Rotor axial direction on the compressor side

8 X Rotor axial direction on the compressor side
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Tab. 4. Test conditions and settings of sampling parameters

- 0 N

(SR =)
s3] £
Speed/rpm State of rotor we | &5
g2 5%
=2 & &

35,000-60,000 Degree 1: No.rma'l
(steps of 2,500 rpm) Degree 2: Minor imbalance 5 51.2
’ Degree 3: Severe imbalance

During signal processing, it was found that some values
of the time domain signals appeared to deviate from the
normal range. Abnormal data values were removed using
the 30 criterion, the principle of which is shown in Eq. (6).
If the sample was larger than p + 30 or smaller than p—-3o, it
was judged to be abnormal, and was removed to ensure the
validity of the dataset.

|x; —ul > 30 (6)

where x, represents the i data point, y is the average of the
samples, and o is the standard deviation of the samples

SENSITIVITY ANALYSIS AND SELECTION OF THE
MEASUREMENT POINTS

Prior researchers have explored various methodologies
for the selection of measurement points. Methods such as
the analysis of amplitude transmission patterns of vibration
signals [32], dimensionality reduction of feature parameters
[33], and modal analysis [34] have been employed for the
optimisation and screening of measurement points.When
used together, these techniques can enhance the identification
of sensor locations with maximal diagnostic relevance while
minimising the acquisition of redundant data.

A comparison of the calculated results for the IIE and
TIE at each measurement point based on Egs. (3)-(5) is shown
on the left axis of Fig. 6. To avoid the excessive differences
affecting the subsequent judgment between the values of two
entropy TIE and IIE, the mean values of the two entropies
were deducted for normalisation processing to eliminate the
difference in amplitude while retaining the fluctuation. The
sensitivity ( was calculated to determine the sensitivity of the
entropy value for each the measurement points. The value of
for the IIE is calculated according to Eq. (7):

SE — ?zl(Hi_H)z

(7)
where H, is the IIE of each measurement point, and H is the
average value of IIE.

A large SE for the entropy value indicates a significant
fluctuation at the measurement point, thereby demonstrating
a high sensitivity of the entropy. The results shown on the right
axis of Fig. 6 indicate that the SE for the IIE is significantly
larger than for the TIE. When the IIE is used to measure the
amount of information contained in the signal, it is more
sensitive to a change in the measurement points, meaning
that it is better than the TIE.
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Fig. 6. Sensitivity analysis of entropy values at different measuring points

From Fig. 6, it can be seen that points 5, 6, 7, and 8 are
unambiguously identified as sensitive measurement points
for the improved entropy. In contrast, when using the TIE
method, it is difficult to distinguish between measurement
points 2 and 7, as well as between points 5 and 6, because
the entropy values for these two pairs of points are very
close. Selecting all such points would introduce redundant
or invalid data, potentially compromising the diagnostic
efficacy. The improved method eliminates this ambiguity,
ensuring a precise and reliable selection of measurement
points for enhanced fault diagnosis performance. Hence,
points 5, 6, 7 and 8 are taken as sensitive measurement points.

Based on the selection results at these measurement points
using IIE and the arrangement of the points shown in Fig.
5, it can be observed that measurement points 5, 6, 7, and 8,
which are identified as sensitive measurement points, are
located close to the turbocharger body and cover all directions
(X,Y, and Z). Measurement points 1, 2, 3, and 4, with low
IIE, are located not only at the foot position, which is farther
from the turbocharger, but also in the single Z-direction.
Consequently, the proposed selection method based on IIE
provides the following guidance: measurement points should
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Measurement Points

() lIE

be located close to the object to be measured, and should
include the X-, Y-, and Z-directions.

SELECTION OF EFFECTIVE FEATURE PARAMETERS

When selecting feature parameters, the following criteria
should be met: the curve of the fluctuations of the feature
parameters with speed should be flat, and the feature
parameters should clearly distinguish between different
degrees of imbalance fault at each speed. Based on the above
criteria, the centre of gravity frequency and the mean square
frequency are chosen as effective feature parameters, and the
methods used to calculate them are shown in Egs. (8) and (9):

Centre of gravity frequency:

S1 = % ®)
1

Mean square frequency:

gy = AP

9
TP ©

147

4 Normal
. Slight Fault
4 Severe Fault

-
w
T

-
N
T

Feature parameters / Hz

o
©
T

0.8
'a’?;’@ 'b"-“'()g &QQ@ n‘l‘:‘@ b.‘-’aqg h“f‘-’@ 5@@ c;.'l.‘z’@ s_\,‘ﬁ@ c_-;\‘J@ Q,QDQQ

Speed / Revolutions per minute

(b) Changes in feature parameter S2

Fig. 7. Changes in the feature parameters for Sland S2 at different speeds
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where P is the amplitude of each spectral line of the signal
spectrum, fis the frequency corresponding to the amplitude
of each spectral line, and # is the number of spectral lines.
The variations in the centre of gravity frequency and mean
square frequency with speed are shown in Fig. 7.

The curves for the two selected feature parameters show
flat behaviour at different speeds, and the three degrees of
rotor imbalance fault can be clearly distinguished. Feature
parameter S1 has a significant advantage in terms of
distinguishing Degree 3 from the other two types of faults,
but the trend lines of Degree 1 and Degree 2 overlap in the
high-speed range, resulting in poor discrimination. Feature
parameter S2 has a clear advantage in regard to distinguishing
Degree 1 from the other two types of faults, but the difference
is not large between the different fault degrees, especially
for Degrees 2 and 3, which may have an impact on the fault
identification accuracy. Hence, a fault recognition method
that combines these two feature parameters may improve the
accuracy of fault diagnosis, and may demonstrate good fault
recognition performance at high speeds when identifying
these three degrees of faults.

MULTI-POINT FEATURE FUSION AND DIMENSION
REDUCTION

Multi-point feature fusion based on eight dimensions
is carried out using effective feature parameters from
measurement points 5, 6, 7 and 8. Direct use of a high-
dimensional fusion vector for fault diagnosis could lead to
excessive amounts of computation and reduced algorithm
efficiency, resulting in excessive redundant information or
dimensional catastrophe. It is therefore necessary to perform
dimension reduction on the high-dimensional feature vector
to minimise redundancy and preserve the fault information
for the marine turbocharger rotor.

The most commonly used algorithms for dimension
reduction of high-dimensional data are principal component
analysis (PCA), kernel PCA (KPCA) and t-SNE. PCA is
a widely used method for linear dimensionality reduction
[35-37], which is achieved by finding the directions of
maximum variance (principal components) in the data and
projecting the data onto these directions. KPCA, an improved
nonlinear version of PCA, is a kernel-based dimensionality
reduction algorithm [38] that deals with nonlinear data by
using kernel functions to map the data to a high-dimensional
space and then performing PCA in the high-dimensional
space. t-SNE is a nonlinear manifold learning dimensionality
reduction algorithm, and achieves dimensional reduction by
converting the similarity between high-dimensional data
points to t-distributions in low-dimensional space and then
minimising the differences between the distributions [39-41].
Fig. 8 shows a comparison of the visualisation results after
reducing the eight-dimensional vector feature of the rotor
fault simulation test data to three dimensions using PCA,
KPCA and t-SNE.
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Fig. 8. Visual comparison of the effects of different dimensional reduction methods

From Fig. 8(e), it can be observed that the three types of
data are clearly separated, with significant space between
each category, after applying t-SNE, which is superior to the
PCA and KPCA methods. In addition, from Figs. 8(c) to (e),
it is evident that using two effective feature parameters, S1
and S2, for dimensional reduction gives far better results
than using a single feature parameter. This confirms that
the two selected feature parameters achieve superior fault
discrimination results through multi-feature fusion.
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FAULT DIAGNOSIS BASED ON 1DCNN

A one-dimensional convolutional neural network (1IDCNN)
is a deep feed-forward artificial neural network [42] whose
main structure consists of an input layer, a convolutional layer,
a pooling layer, a fully connected layer and an output layer
[43]. IDCNN is capable of deeply exploring the time-varying
features in variable speed signals; it effectively captures
the high-frequency features, reduces the complexity, and
improves the diagnosis efficiency through pooling operations.
Hence, IDCNN is a superior method for the fault diagnosis
of a turbocharger rotor at high rotational speeds in noisy
environments, where vibration signals exhibit complex, high-
dimensional fault features. The structure and configuration of
the IDCNN are shown in Fig. 9 and Table 5, and the output
of the convolutional layer is shown in Eq. (10).

vi=f (b} + Xiem; conv(x; 1 kit ) (10)
where y represents the jth output of the Ilth layer, f is
anonlinear function, b is the bias of the jth neuron of the ith
layer, x ' is the output of the ith convolutional kernel of the
[-1"layer, and k represents the weight between the ith and jth
neurons of the [th layer. The input to the IDCNN considered
in this paper is the feature vector after being reduced to three
dimensions, and the output is categorised into three levels
of fault information: normal, slight fault and severe fault.

Tab.. 5. Configuration of the IDCNN

Input layer Feature vectors of signals (3x1)

Convolution with kernel = 10; ReLU;

Feature extractor maxPoolingld (2); Batch norm (256)

Fully connected layer (10)

Classifier SoftMax layer

Output (3x1)

DIVISION OF TRAINING AND TEST SETS

In the process of variable speed fault diagnosis, despite
ensuring data accuracy with the 30 principle, unstable fault
characteristics may persist under variable speed conditions,
which could lead to reduced accuracy when the same model is
applied. The effectiveness of fault diagnosis can be examined
using multifold cross-validation, where data for untrained
speeds are used as model inputs. Eleven-fold cross-validation

[T — -

Classifier .
|

|
. Normal .
|

|
- Severe fault -
|

Fig. 9. Structure of the IDCNN
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means that of the 11 possible speeds, the data on 10 of them
are used as the training set at each iteration, and the data on
the remaining speed are used as the test set. This process is
repeated until all data on all 11 speeds have been used as the
test set in turn, as shown in Fig. 10.

insert

v
Feature
parameters
Iterated through
all the speeds?
yes 10
Slice the
Training set

Test set
with 60 samples

with 600 samples

1IDCNN

Total accuracy

Fig. 10. Flowchart showing training and testing using 11-fold cross-validation

COMPARISON OF FAULT DIAGNOSIS RESULTS

Comparison of fault diagnosis effect

Fig. 11 shows confusion matrices for the fault diagnosis of
a turbocharger rotor at different 11 speeds, using the method
based on IIE.

It can be seen from Fig. 9 that the proposed fault diagnosis
method for a turbocharger rotor based on IIE achieves
accuracies higher than 98% for speeds of 35,000 rpm to
60,000 rpm.

Table 6 shows an accuracy comparison for fault
diagnosis based on different methods.

Tab. 6. Accuracy comparison for three methods

As can be seen from Table 6, the average accuracy based
on IIE does not decrease when half of the measurement
points are selected, a finding that verifies the effectiveness
of the selection method for the measurement points. The
fault diagnosis accuracy under variable speed conditions is
increased by 15.5% compared to the TIE method.

Comparison of arithmetic ability

Although the fault diagnosis results based on all
measurement points are consistent with the accuracy
of the IIE method, there are drawbacks, such as the high
computer resource consumption due to the large amounts
of data processing involved; this leads to high memory
requirements for calculation and storage, which are not
conducive to the development of engineering applications
using online monitoring and fault diagnosis methods for
marine turbocharger rotors. To compare the efficiency of the
arithmetic ability between the IIE algorithm with selected
measuring points and the algorithm with all of the points,
we consider three evaluation parameters: data processing
time (DPT), random access memory occupation (RAMO)
and complex rate (CR). The experiments used a computer
configuration with i7 - 13700 CPU, 16G RAM and an ASUS
B760 motherboard. The CR value for the IEE method as
compared to the algorithm using all of the measurement
points is calculated as shown in Eq. (11) [44]. If the value
of CR is less than 1, this indicates that the efficiency of the
algorithm is higher after selection of the measurement points.

CR = 2FT

~ DPTg ("

where DPT is the data processing time for the algorithm
using the measurement points which are selected, and DPT
is the data processing time for the algorithm using all the
measurement points without selection.

Table 7 shows the DPT, RAMO and CR results for fault
diagnosis with the two methods.

Tab.. 7. Comparison of parameters for arithmetic evaluation
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Method based Method based on Without selection Method All IEE Percentage
on IIE TIE of measurement measurement method decline
points Parameter points
Speed/
B B B B & B DPT /s 16.95 5.51 207.6%
T Eg |FEg| fa |Pig| fg|BEe
58 |§358| 58 |558| 58 |§58 RAMO /MB 235.5 102.4 130.0%
o Q o
< <& < <3 < <8 CR 1.00 0.32 212.5%
35,000 100 100 100
40,000 | 98.33 100 100 Table 7 indicates that the use of the IIE algorithm for
42500 | 100 100 100 selecting measurement points results in a 207.6% reduction
25000 | 100 73.33 100 in DPT, a 130.0% reduction in memory occupation and
17500 00 % 00 a 212.5% reduction in CR. This shows that the efficiency
0’0 ; 9985 [— - —— 8651 n 99.85 of the proposed fault diagnosis algorithm based on IIE is
20,000 00 : 0 significantly enhanced.
52,500 100 98.33 100
55,000 100 100 100
57,500 100 98.33 98.33
60,000 100 100 100
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Fig. 11. Fault diagnosis confusion matrices for 11 speeds
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CONCLUSION

A set of fault experiments on marine turbocharger rotors
were carried out, and the IIE method was proposed for
the selection of measuring points. The t-SNE method was
used for data processing and classification of the optimised
measuring points, and a IDCNN was applied to the task
of fault identification of rotors with different speeds. The
arithmetic ability of two diagnostic algorithms based on
IIE and IDCNN was compared and evaluated. A suitable
diagnostic capability for both early-stage faults, such as slight
rotor imbalance, and late-stage faults, such as severe rotor
imbalance, in a turbocharger was successfully achieved.

The main conclusions of this work are as follows:

(1) The ITE method was developed, which has considerable
advantages in terms of the optimisation of criteria points and
extraction of useful features of measurement point signals,
reducing the number of sensors, which could significantly
reduce the cost of experiment.

(2) Two effective feature parameters of the turbocharger
vibration signals under variable speed conditions, referred
to here as S1 and S2, were proposed. S1 performed well in
classifying rotor faults at low and medium frequencies, but
had weak recognition capabilities in the early stages of fault
detection. S2 performed well in classifying rotor faults at
medium and high frequencies, but had poor recognition
performance in the later stages of the fault.

(3) The proposed diagnosis algorithm based on t-SNE
and 1DCNN yielded a superior diagnosis capability for
rotor imbalance faults under different speeds. Compared
to traditional methods, the average fault diagnosis accuracy
increased from 86.51% to 99.85%.

(4) The arithmetic ability of the diagnosis algorithm
based on IIE and 1DCNN gave significant increases in the
evaluation parameters, with the DPT, RAMO and CR rising
by 207.6%, 30.7% and 212.5%, respectively. This approach will
therefore be beneficial for the development and application of
an online fault diagnosis system for marine turbochargers.
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