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Abstract

In this study, the combined influence of vibration direction, feature selection strategy, and
the support vector machine (SVM) kernel on the classification accuracy of unbalance faults
was investigated. Experiments were carried out on a Jeffcott rotor test rig at a constant speed
and under three operating conditions. The overlapping sliding window method was used
for raw sample expansion. Features extracted from time domain signals and from the order
and power spectra obtained in the frequency domain were ranked using the Kruskal-Wallis
algorithm. Based on the feature-ranking results, the three most discriminative features for
each domain-axis combination, as well as all nine most discriminative features for each
axis in a hybrid manner, were fed into SVM classifiers with different kernels, and their
performance was evaluated using ten-fold cross-validation. Classification using vibration
signals in the vertical direction had higher accuracy rates than those using signals in the
horizontal direction for the feature sets obtained in the same domains. According to the
statistical results, feature set selection had a much greater impact on classification accuracy
than SVM kernel choice. Power spectrum-based features allowed higher classification
accuracies in all SVM algorithms compared to both the time domain features and the
order spectrum-based features for detecting unbalance faults. Increasing the number of
features or employing hybrid feature selection did not result in a consistent or significant
enhancement in overall classification performance. Selecting the right SVM kernel shapes
both the model’s flexibility and its fit to the chosen feature space; when this fit is inadequate,
classification accuracy may decrease. Consequently, by selecting the appropriate vibration
direction, feature set, and SVM kernel, an improvement of up to 67% in unbalance fault
classification accuracy was achieved.

Keywords: Jeffcott rotor; vibration; fault diagnosis; unbalance; SVM

1. Introduction

Rotating machines are widely used in industry. To prevent significant financial losses
and potentially catastrophic failures that can result from undetected rotor failures, it is very
important that such failures are detected correctly and in a timely manner so that reliable
and efficient operations can be achieved. Continuous monitoring is essential for identifying
and classifying faults in rotating machinery. Rotating machinery’s optimal performance
depends on the early and reliable identification of rotor faults [1].

Common rotor faults include unbalance, misalighment, rubbing, bending, oil whirl,
and pedestal looseness [2]. Vibration in a rotating machine is caused by unbalance, which
happens when the mass center and the geometric center do not align. Unbalanced rotors
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can produce damaging vibrations that may harm the machine’s components. To prolong
the machine’s lifespan, it is important to reduce the vibration caused by unbalance to a safe
level. Misalignment refers to the improper alignment of the shaft and bearings, causing
excessive forces and wear. Rubbing can occur when two rotor parts come into contact,
leading to friction and potential damage. Bending can result from excessive loads or
operating conditions, leading to deformation of the rotor. Oil whirl happens when the rotor
and oil film oscillate in response to forces, potentially causing instability. Finally, pedestal
looseness can occur due to improper mounting or wear, leading to excessive vibrations and
potential failure.

Traditional frequency-based vibration analysis methods are often ineffective in iden-
tifying rotor faults, particularly unbalance and misalignment, as these faults can exhibit
similar frequency patterns [3]. The use of intelligent fault classification methods, such
as machine learning (ML), in rotor systems has grown rapidly in recent years [4]. Super-
vised and unsupervised learning are the two main subcategories of ML. In supervised
learning, models are trained using data obtained from normal and faulty operations to dis-
tinguish between normal and faulty operations. Unsupervised learning, on the other hand,
automatically learns patterns from data collected during normal and faulty operations [5].

ML has been proven to be effective in a wide range of predictive maintenance (PdM)
applications [6]. Vibration-based PdM is a highly effective method for monitoring ma-
chinery conditions. PdM uses data analysis, ML, and sensor technology to predict when
equipment is likely to fail. System availability and reliability can be increased, while
overall maintenance costs can be reduced through a successful PAM program. With the
continued growth of big data and advances in big data technologies, the attractiveness of
data-driven PdM has increased significantly. With the vast amount of data available, the
use of ML methods has become a powerful solution. ML algorithms, such as support vector
machines (SVMs), artificial neural networks and k-nearest neighbors, provide a unique
approach to data processing and analysis, contributing to the efficiency and accuracy of
PdM strategies [7].

SVM algorithms have gained widespread popularity in the field of diagnostic appli-
cations due to their robust optimization and generalization capabilities, along with their
efficient training process. This makes them well-suited for addressing the non-linear and
high-dimensional datasets commonly encountered in real-world scenarios. In the context
of rotor fault diagnosis, where the signals from the rotor system exhibit non-linear and
non-stationary characteristics, the SVM’s ability to effectively handle non-linear data and
perform multi-class classification becomes particularly crucial. This adaptability positions
the SVM as a valuable tool for accurately diagnosing rotor faults by effectively processing
complex and dynamic data patterns [8].

The performance of SVM is significantly influenced by the selection of hyperparame-
ters and the method used for evaluation, just like any other ML model. One particularly
important hyperparameter for SVM is the kernel function. The kernel function choice
significantly impacts SVM model accuracy and generalization capabilities [9,10]. Zhang
etal. conducted a comprehensive investigation of the effectiveness of polynomial, Gaussian
radial basis function, and sigmoid SVM kernels in detecting unbalance faults and, remark-
ably, achieved 100% classification accuracy using each of these kernels [9]. In another study,
Hiibner et al. achieved an 84.8% accuracy in unbalance detection using a linear SVM, and
83.3% with polynomial and Gaussian radial basis function kernels [10]. It is crucial to
choose the appropriate evaluation method in addition to tuning hyperparameters. In k-fold
cross-validation, a technique for training and testing in ML, the choice of k significantly
impacts model performance. Choosing an appropriate k value can improve accuracy. In
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general, the values of five (5) or ten (10) are preferred in the literature as they are believed
to provide estimates of the test error rate with acceptable variance [11].

When analyzing vibration to detect unbalance, it is crucial to consider the impact of the
chosen measurement axis on the accuracy of detection. Unbalance results in radial vibration,
which comprises both vertical and horizontal components. In the ideal scenario, axial
measurements should indicate minimal vibration, as the majority of forces are generated
perpendicular to the shaft [3,12]. When analyzing the radial vibrations during unbalance
detection, Alsaleh et al. noted that vibrations in the vertical direction consistently had
higher amplitudes than vibrations in the horizontal direction since the stiffness along the
horizontal direction is higher than that in the vertical direction [13].

Fault detection accuracy can be enhanced by using the most discriminative fea-
tures [14]. In the feature ranking process, one-way analysis of variance (ANOVA) is
applied to data with a normal distribution, whereas the Kruskal-Wallis test is designed for
datasets that do not follow a normal distribution [15].

This study addresses a remaining gap in rotor fault-diagnosis research. Previous
works have typically examined either the influence of the measurement axis on unbalance
detection, or the role of feature selection strategies and SVM kernel tuning. However, the
combined impact of all three factors has not been investigated in a single experimental
framework. To address this, the impact of these three factors on the accuracy of unbal-
ance fault classification was investigated as follows: (i) vibration direction (vertical vs.
horizontal) was considered; (ii) the most discriminative features were drawn from time
domain signals and from the order and power spectra obtained in the frequency domain;
(iii) six different SVM kernels were examined. Radial vibration signals were obtained
from a Jeffcott rotor test rig designed to simulate a gas turbine rotor. Experiments were
carried out at 1000 rpm under the following three operating conditions: normal operation
without an added mass, and faulty operations with 3.6 g and 5.2 g unbalance masses. The
overlapping sliding window method with a 25% overlap rate was used for raw sample
expansion. Extracted features were ranked using the Kruskal-Wallis ranking test, and
then the three most discriminative features in each domain—axis combination, in addition
to all nine most discriminative features for each axis in a hybrid manner, were fed to the
classifiers and evaluated using ten-fold cross-validation.

2. Materials and Methods

The flowchart representing all the processes carried out within the framework of this
study is given in Figure 1.
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Figure 1. The flowchart of the whole process.
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2.1. Experimental Setup

The Jeffcott rotor test rig was designed at the engine dynamics laboratory of TUSAS En-
gine Industries Inc. (TEI) to simulate a gas turbine rotor, particularly in terms of unbalance
faults. The rotor test rig consists of an Inconel 718 shaft (TEI Alloys Inc., Eskisehir, Turkey)
with a length of 455 millimetres and a diameter of 6 millimetres. The shaft is supported by
two GRW6001 ball bearings (GRW Gebr. Reinfurt GmbH & Co. KG, Rimpar, Germany)
mounted on relatively rigid pedestals. A plastic disc with an outer diameter of 70 mm and
a thickness of 40 mm in the middle of the shaft. The disc has two holes located 10 mm
from the centreline of the shaft. An unbalance mass, also known as an eccentric mass, can
be attached to the disc using a bolt and nut. The 455-millimetre-long shaft is connected
to adjustable compressed air through an air wheel. The motor operation is controlled by
adjustable compressed air for variable or constant speed rotation of the shaft. Two PCB
352A24 accelerometers (PCB Piezotronics, Depew, NY, USA) near the bearings on the shaft
support measure radial rotor vibrations in the horizontal and vertical directions. The test
rig’s rotational speed is measured using a BAUMER CH-8501 laser sensor CH-8501 laser
tachometer (Baumer Electric AG, Frauenfeld, Switzerland) and a shaft-mounted reflector.
The main components found in the rotor test rig are shown in Figure 2.

Vertical Unbalance
Accelerometer Mass

—a
#  Shaft L

/

W

Horizontal &
Accelerometer ¥

s

Figure 2. The Jeffcott rotor test rig.

Detecting unbalance at speeds well below the first critical speed can make it possible
to implement predictive maintenance practices by identifying, in advance, the more severe
unbalances that may arise in the critical-speed region. The rotation speed was maintained
at 1000 rpm, corresponding to a frequency of 16.66 Hz for all tests. The rotor was modelled
using DyRoBes software (version 22.00) and its critical speeds were analysed. The first and
second critical speeds were found to be 8936 rpm and 41,192 rpm, respectively. The selected
test speed of 1000 rpm is well below these values, and according to ISO 21940-11 [16], the
rotor is, therefore, considered rigid. As stated in ISO 21940-11, experimental tests at low
speeds for rigid rotors are considered safe and allow the effects of unbalance to be observed
in a linear and predictable manner. With the same unbalance mass, the vibration amplitude
at test speed is lower than at higher speeds, making fault detection most challenging; hence,
the classifier is evaluated under the lowest SNR conditions. The fast Fourier transform (FFT)
will indicate a dominant vibration frequency at 1x rpm for all forms of unbalance [17]. The
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amplitude of the vibration at the 1x rpm frequency will vary directly with the square of
the rotational speed [18].

In practical engineering applications, the quality of the fault samples obtained is often
low due to high-frequency electrical noise, leading to lower fault diagnosis accuracy [19].
Although proper grounding and shielding were implemented, the signals acquired from
the test rig still exhibited high noise levels. This electrical noise results from capacitive and
inductive coupling, common-mode voltages, ground loop currents, conductive coupling,
and electromagnetic radiation within the measurement chain. The key contributors are
the switch-mode DC supply powering the BAUMER CH-8501 laser tachometer, the PCB
352A24 accelerometer cables, and the battery-powered LMS SCADAS XS data acquisition
unit, which is connected to a PC via a USB port. In addition to electrical noise, raw vibration
signals also contain high-frequency nutation vibrations [20], which occur in any rotating
system with constant torque [21]. Therefore, in the signal pre-processing phase, the raw
vibration signals were filtered with a low-pass filter, designed to suppress electrical noise
and nutation vibrations and to remove aliasing. The low-pass filter’s cut-off frequency was
set at 200 Hz, higher than the 1x rpm frequency and below half the sampling frequency [22].

Aliasing is a phenomenon that causes distortion of a signal by improperly sampling
its frequency content with a low sampling rate. It results in high frequency data appearing
at a lower frequency than its actual value, so the sampling rate must be high enough to
ensure an accurate signal representation. According to the Nyquist theorem, a periodic
signal must be sampled at a minimum of twice the frequency of its highest frequency
component [23]. A sampling frequency of 4.096 kHz, which is high enough to exceed both
the 1x rpm frequency and the low-pass filter’s 200 Hz cut-off frequency, was chosen to
satisfy the Nyquist criterion. The data collected were transferred to a personal computer
using the Simcenter Testlab software (version 2019.1) and the LMS SCADAS XS portable
data acquisition hardware (Siemens Industry Software NV, Leuven, Belgium).

As the depth structure of the ML model required more training observations [24], the
overlapping sliding window method was used for sample expansion. In this method, the
dataset is divided using a specific size, which is then moved by a certain step interval with
overlapping. The overlapping sliding window method with a 25% overlap rate was used.
Thus, 300 sliding windows and a series of observations with 4096 samples in each window
were created at each load condition to extract the features. The summary of the acquired
dataset is presented in Table 1.

Table 1. The summary of dataset.

- . Number of Samples Duration of
Fault Code Load Conditions Number of Observations in Each Observation Each Observation
1 300 4096 1s
2 36g 300 4096 1s
3 52¢g 300 4096 1s

Feature extraction, ranking, k-fold cross-validation, and classification were carried out
using MATLAB R2023a, specifically employing the Diagnostic Feature Designer and the
Classification Learner applications. All analyses were conducted on a computer equipped
with an Intel Core i7-4702MQ processor and 32 GB of RAM. The random seed values were
managed internally by the software, and the Classification Learner app was used with its
default settings.
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2.2. Feature Extraction

Feature extraction transforms the dataset into information suitable for ML algorithms,
thereby aiding generalisation during the learning phase. Generalisation is essential to avoid
overfitting the model to specific examples. ML model performance is highly dependent
on selected features and data size [25]. In this study, feature extraction was performed
separately in the time and frequency domains using filtered and overlapped vibration data
in the vertical and horizontal directions to detect the unbalance faults.

2.2.1. Time Domain Analysis and Temporal Features

In vibration analysis, signals are obtained as a series of values, and these values
represent physical quantities, such as acceleration in the time domain. The measurement
signals, which are generally sampled repeatedly at predetermined time intervals, are in
the time domain. A fault in the mechanical structure may cause the vibration waveform to
change [26]. Time domain statistical features can be extracted from waveforms to identify
faults. Thirteen different time domain features, known as temporal features, were used in
this study.

2.2.2. Frequency Domain Analysis and Spectral Features

Frequency domain features, known as spectral features, are commonly used for the
vibration analysis of rotating machines. Frequency domain features are generally more
effective than time domain features for fault detection in rotating machines [27]. Machine
faults cause some component(s) to be observed at abnormal frequencies in the frequency
spectrum of the vibration signal [26].

Both power spectrum (PS) and order spectrum (OS) characterize the frequency content
of a system and provide valuable information for feature generation. In this study, five
different features were extracted using the PS and OS based frequency domain vibration
analysis techniques.

The summary of temporal and spectral features is presented in Table 2, and the
equations for the features are provided in Table 3 [28,29].

Table 2. Temporal and spectral features.

Time Domain Frequency Domain
Signal Statics Spectral Features
Feature Acronym Feature Acronym
Mean M Band power BPWR
Root mean square RMS Natural frequency = WN
Peak value 19% Peak amplitude PA
Signal-to-noise ratio SNR Damping factor ZETA
Signal to noise and distortion ratio ~ SND Peak frequency PF
Total harmonic distortion THD
Standard deviation STD
Impulse factor IF
Crest factor CRF
Clearance factor CLF
Shape factor SF
Skewness SK

Kurtosis KR
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Table 3. Temporal and spectral features equations.

Description Equation Description Equation
_ N S S
" =S o U VAT
2 — Xrms
RMS xrus = |/ =t SF XSF = TyN T
PV xpy = max|x;| SK Xsg = NIN 1(961—%)33
(I, (xi-7)]2
SNR xsnr = 20 logs KR xxp = N1 (i x)*
[ [:1(’51*95)]
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fmin
THD xtgp = 20 log% WN wy = Vk/m
N ()2 _
STD D Zi:]}\(]’ﬁl x) PA Apear = max|X(f)]
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IF X[ = NZ l‘le ZETA 7= i
CRF PF fpeak = m’gmﬂx\x(f”

xCRF_i
V Nzl 1 1

2.3. Feature Ranking

Feature ranking is important to identify the most informative features of the unbalance
faults. The feature histograms showing the ability of the features to discriminate the
operating conditions were generally non-normally distributed, and, therefore, the features
were ranked using the Kruskal-Wallis ranking test. For non-normally distributed datasets
with more than two groups, the Kruskal-Wallis feature ranking technique is used [30]. This
method assesses whether data groups originate from the same or different populations
by comparing their medians. Test statistics are calculated using ranks. Observations are
ordered from smallest to largest across all groups, with each assigned a rank according to
its position. For observations with identical values, the rank is determined by averaging
the ranks of the tied observations.

The Kruskal-Wallis test uses the chi-square statistic, with the probability value (p-
value) determining the significance of the test [14]. According to the Kruskal-Wallis test,
if the p-value is less than a certain value, usually 0.01, it is concluded that the medians of
the groups are statistically significantly different, i.e., the median of at least one group is
different from the others [30].

2.4. K-Fold Cross-Validation

Cross-validation is used to prevent the overfitting and underfitting of classification
models [31,32]. In this technique, the dataset is divided into k equal folds. During each
iteration, k-1 folds are used to train the model and the kth fold is reserved for testing to
validate the accuracy of the model. The whole procedure is repeated k times. In this study,
to investigate the effects of different unbalance masses on fault severity, three operating
conditions were used as three classes. The 10-fold cross-validation method was used to
train and test the classification models. After the feature extraction process, each feature
dataset used in the 10-fold cross-validation consisted of a total of 300 observations, with
100 observations per class, and each observation had 4096 samples. In each iteration of
the 10-fold cross-validation, 30 observations obtained under normal and faulty operating
conditions were used for testing, and the remaining 270 observations obtained under
normal and faulty operating conditions were used to train the classification model. This
process was repeated 10 times so that the model was tested and trained on all observations.
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2.5. Classification

SVM, a type of supervised ML algorithm, is widely used for solving both classification
and regression problems [33]. The SVM classifies data into two or more classes using
hyperplanes, as presented in Figure 3. The support vectors are the data points closest to
the hyperplane that separates the classes and lie along the plane’s boundaries. The SVM
algorithm seeks to identify a hyperplane that most effectively distinguishes data points
of one class from those of another [32]. The margin represents the maximum width of the
plane parallel to the hyperplane that contains no data points. When the margin between
classes is larger, the classification error tends to be lower [34]. The simplest form of SVM
is the linear SVM algorithm, which can be used when the samples associated with the
labels can be separated linearly. SVM algorithms can also handle non-linear classification
problems through kernel tricks when the set of samples cannot be separated linearly [26].

Support .
Vector .-

' Support
Vector

Support’
Vector

Figure 3. Classification of two classes using SVM.

The decision functions of linear SVM and non-linear SVM can be expressed as the
following Equations (1) and (2), respectively [26]:

. N
f(x) =sign (Zi,j:l aiyixiT.xj + b) (1)
. N
f(x) = sign (Zi,j:l a;yik(x;, xj) + b) )
where N is the number of observation, xi,]-(i, ji=12,...... N) are the input vectors, each

of which has a number of component features, y;s are the labels also known as classes
associated with the input vectors, a;s are the coefficients, b is a scalar representing the offset
of the hyperplane from the origin in the input space, and k(x;, x;) is the kernel function.

The kernel functions used in SVM algorithms and kernel scales are shown in
Table 4 [30,35], where P represents the number of predictors, also known as the num-
ber of features, which was three in this study. The kernel scale was set to ‘auto’ for the
linear, quadratic, and cubic SVM models, whereas it was set to 0.43 for fine Gaussian SVM,
1.7 for medium Gaussian SVM, and 6.9 for coarse Gaussian SVM.

Table 4. Used SVM algorithms with different kernels.

Kernel of SVM Kernel Function Kernel Scale
Linear Linear Auto
Quadratic 2-order polynomial Auto
Cubic 3-order polynomial Auto
Fine Gaussian RBF VP/4
Medium Gaussian RBF VP

Coarse Gaussian RBF 44/P
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A confusion matrix is used to display the performance of a classification model. The
correctly classified fault types are indicated by the diagonal entries of the matrix, while
the misclassified fault types correspond to the off-diagonal entries. Various performance
metrics are employed to evaluate classification algorithms, including accuracy, precision,
recall, and F1 score [36]. These metrics are derived from the confusion matrix. After training
and testing different classification algorithms, the model with the highest performance
metrics is chosen. A typical confusion matrix for multi-class classification as in this study
is shown in Figure 4, where, i,j = 1,2 or 3, and Class 1 is the normal operation without
mass (Fault Code 1); Class 2 is a faulty operation with a 3.6g unbalance mass (Fault Code 2)
and Class 3 is a faulty operation with a 5.2g unbalance mass (Fault Code 3), Cj;s are the
Class i samples that were correctly classified, while C;;s are the Class i samples that were
incorrectly classified as Class j.

= Cu | C12 | Ci3

True Class
2
<
@)
N
5

Predicted Class

Figure 4. A typical confusion matrix. Green diagonal cells (C;;s) denote correctly classified instances,
whereas white cells (Cj;s (i # §)) indicate misclassifications.

Classification algorithms are rated according to their accuracy, recall, precision, and
F1 score. Accuracy measures the overall correctness of the model, recall measures how
many instances of a particular class have been correctly identified, precision measures how
many instances predicted to be a particular class are actually that class, and the F1 score is
the harmonic mean of precision and recall for each class. The value of the F1 score ranges
from zero to one, with high F1 scores indicating high classification performance [35]. The
expressions for accuracy, recall, precision and F1 score are given in Equations (3)—(6), as
follows [37]:

3
> C.:
Accuracy = 7321_13 . 3)
Ei:1 Zj:l Cz’j
Recall for Each Class = %, wherei =1,20r3 4)
=1 €ij
Precision for Each Class = 367ii, wherei =1,20r3 (5)
j=15ji

2-Recall-Precision
F1 =
score Recall + Precision (6)

A scatter plot is a graphical representation of data that is used to evaluate the relation-
ship between two variables. It is commonly used to determine which features distinguish
between different fault classes. The best features are the ones that have the highest differ-
ence between classes. This means that the means of both classes are located farthest from
each other on the scatter plot, while the same feature’s intra-class difference is minimal [38].

3. Results and Discussion

Ensemble views of the raw and low-pass-filtered vibration signals under the three
load conditions are presented in Figures 5 and 6, respectively. Because the rotor-bearing
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system exhibited greater stiffness along the horizontal axis than along the vertical axis,
the vertical channel consistently registered larger vibration amplitudes. In addition, the
low-pass filter effectively attenuated the broadband high-frequency noise present in the raw
data. Consequently, classification models trained on the vertical signals attained superior
accuracy compared with the models trained on horizontal signals.

8 8
0.02 002
~0.02 ‘ -0.02
g 0 100 200 g 4 O 100 200
02 03
-0.2 -0.3
g 0 100 200 g 0 100 200
S S
03 0.4
0 0
-0.3 -0.4
0 100 200 o 0 100 200
I Fault Code 1 I Fault Code 2 Fault Code 3
(a) (b)

Figure 5. Ensemble views of raw vibration signals in (a) horizontal and (b) vertical directions.

g g
0.005 ‘ 0.005 g

—0.005 —0.005
g 0 100 200 ¢ g 0 100 200 o
0.03 | 0.05 i
0 ¥ pfess i H“Lf 8 s oM \ ; T
—0.03 —0.05
g 0 100 200 . g 0 100 200 .
0.04 0.06
0 0
—0.04 —0.06
0 100 200 o 0 100 200 o
I Fault Code1 I Fault Code 2 Fault Code 3
(a) (b)

Figure 6. Ensemble views of filtered vibration signals in (a) horizontal and (b) vertical directions.

The feature histograms for feature set F7 with normalised probability values showing
the concentration of data points within certain intervals, where it can be observed that the
features do not have a normal distribution, are shown in Figure 7. The feature ranking
results obtained by the Kruskal-Wallis ranking algorithm are given in Figure 8, and,

according to the feature ranking results, the features used for classification are given in
Table 5.
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Figure 7. Feature histograms for feature set F7.
PS/PA PS/PA
PS/BPWR PS/BPWR
OS/BPWR OS/BPWR
TD/STD TD/SND
TD/RMS TD/SNR
TD/SND TD/RMS
TD/SNR TD/STD
TD/PV TD/THD
TD/SK TD/PV
PS/PF TD/CRF
PS/WN TD/IF
OS/ZETA TD/CLF
TD/THD OS/PA
TD/SF TD/KR
TD/CRF OS/PF
TD/IF PS/PF
TD/CLF OS/WN
PS/ZETA PS/WN
OS/WN TD/SF
OS/PF PS/ZETA
OS/PA TD/SK
TD/KR OS/ZETA
TD/M TD/M
0 0.5 1 0 0.5 1

(a)

(b)

Figure 8. Feature ranking results for (a) horizontal and (b) vertical directions.

Table 5. Selected features.

Feature Set

Feature Domain

Measurement Axis

Selected Features

F1
F2
F3
F4
F5
F6
F7
F8

Time
Frequency-OS
Frequency-PS

Hybrid

Time
Frequency-OS
Frequency-PS

Hybrid

Horizontal
Horizontal
Horizontal
Horizontal
Vertical
Vertical
Vertical
Vertical

STD, RMS, SND
BPWR, ZETA, WN
PA, BPWR, PF
All nine features
SND, SNR, RMS
BPWR, PA, PF
PA, BPWR, PF
All nine features




Machines 2025, 13, 634

12 of 17

The classification performances of SVM algorithms with different kernels for different
feature sets are shown as a heat map in Table 6.

Table 6. Classification performances.

Feature Set Lineaor SVM Quadra:)tic SVM Cubis SVM Gaussl:il;lie SVM Galll\;[sei‘ilr:HSnVM GausCs(;:;SgVM
(%) (%) (%) (%) (%) (%)
F1 90.1 90.0 76.0 90.3 90.6 89.6
F2 77.3 79.4 60.0 79.9 78.2 69.7
F3 97.9 97.7 98.1 97.7 98.0 98.0
F4 85.0 84.9 85.0 83.4 85.0 84.9
F5 90.9 93.1 76.7 94.3 93.8 92.9
F6 97.8 97.3 74.7 98.4 90.6 752
F7 100 99.7 100 99.9 100 100
F8 100 99.8 99.9 99.0 99.9 99.6
Cells are colour-coded on a red-to-green scale, where red indicates lower classification accuracy and green
indicates higher accuracy.

The effects of kernel and feature set selection on classification accuracy were statis-
tically analysed separately using average classification accuracies at a significance level
of & = 0.05. The non-parametric Friedman test was applied, followed by paired Wilcoxon
signed-rank tests with Holm correction for post hoc comparisons, and Kendall’'s W was
reported as the effect-size measure. The statistical analysis results are given in Table 7.
According to the results, feature set selection had a much greater impact on the classification
accuracy than the SVM kernel choice.

Table 7. Statistical analysis results.
Analysis Friedman x? (df) p Value Kendall’'s W Srvr:’a‘llest Raw Smallest Holm
icoxon p Adjusted p
Kernels 5.92 (5) 0.314 0.148 0.041 0.416
Feature sets 37.59 (7) <0.001 0.895 0.031 0.875

Classification using vibration signals in the vertical direction has higher accuracy rates
than methods using signals in the horizontal direction for the feature sets obtained in the
same domains. In other words, the classification accuracies obtained with the feature sets
of F5, F6, F7, and F8 are higher than F1, F2, F3, and F4, respectively.

The highest average classification accuracy of 99.9% was obtained with feature set F7
(PA, BPWR, and PF) based on the PS of the vertical vibration signal, whereas the lowest
average accuracy of 74.1% was achieved with feature set F2 (BPWR, ZETA, and WN)
based on the OS of the horizontal vibration signal (Figure 9a). As the PS focuses on the
energy distribution of the signal and can better express the energy density, especially at
constant speed, the PS-based features allowed higher classification accuracies in all SVM
algorithms compared to both the time domain features and the OS-based features for
detecting unbalance faults. On the other hand, an analysis of the average classification
accuracies for feature sets F4 and F8, which incorporate the nine most discriminative
features in the time and frequency domains, revealed that neither hybrid feature selection
nor increasing the number of features led to a notable and consistent improvement in
overall classification performance.
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Figure 9. The average classification accuracies for different (a) feature sets and (b) SVM kernels.

Among the kernels tested, the fine Gaussian SVM provided the best overall per-
formance with an average accuracy of 92.9%, while on the other hand, the Cubic SVM
provided the worst overall performance, with an average accuracy of 83.8% (Figure 9b).
The highest classification accuracy of 100% was achieved with the linear SVM, cubic SVM,
medium Gaussian SVM, and coarse Gaussian SVM using feature set F7, and with the linear
SVM using feature set F8; on the other hand, the lowest classification accuracy of 60% was
obtained with the cubic SVM using the F2 feature set. To further elucidate the performance
differences among kernels, in the fine Gaussian SVM, the fine Gaussian kernel, with its
smaller kernel width, effectively adapted to both clearly separable (F7) and complex feature
distributions (F2). Although it did not achieve the highest single-set accuracy (100%), it
consistently demonstrated strong performance and flexibility across diverse feature sets,
resulting in the highest overall mean accuracy (92.9%). The quadratic SVM, employing a
second-degree polynomial kernel, achieved a relatively high average accuracy of 92.7%. It
successfully modeled moderate non-linearities but lacked optimal adaptability for highly
intricate distributions. The Linear kernel achieved perfect classification accuracy (100%)
on the linearly well-structured feature sets F7 and F8. However, its inherently simpler
structure resulted in reduced adaptability to more complex, overlapping feature distribu-
tions, thereby producing comparatively lower accuracy on challenging sets, such as F2.
The medium Gaussian kernel balanced kernel locality and smoothness effectively, reaching
perfect accuracy (100%) for clearly separable features in F7. Although its broader kernel
width resulted in slightly lower accuracy on more complex distributions (e.g., F2) compared
to the fine Gaussian kernel, it still provided stable and reliable performance. On the other
hand, with its larger kernel width producing smoother decision boundaries, the coarse
Gaussian kernel excellently handled distinct feature clusters (F7), achieving perfect accu-
racy (100%). Nevertheless, this kernel exhibited limited flexibility for distinguishing closely
spaced features in more complex sets, resulting in slightly reduced overall performance
relative to the fine and medium Gaussian kernels. As for the cubic SVM, Despite being
able to model moderate non-linearities due to its third-degree polynomial structure, the
cubic kernel significantly struggled with complex, overlapping distributions, especially
evident with feature set F2. This limitation resulted in the lowest overall average accuracy
(83.8%). Consequently, if the chosen kernel function does not align sufficiently well with
the feature-space geometry, classification accuracy may decrease.

The scatter plots and confusion matrix obtained with the linear SVM, cubic SVM,
medium Gaussian SVM, and coarse Gaussian SVM classifiers using feature set F7 are
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given in Figure 10. The Kruskal-Wallis ranking results showed that PA was the most
discriminative feature, followed by BPWR and finally PF. This can also be clearly seen in
the scatter plots. According to the confusion matrix, the recall and precision values are
100%, and the F1 score is 1 for each class. Thus, all three different operating conditions

were classified with 100% accuracy.
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Figure 10. The (a) scatter plots and (b) confusion matrix (light-blue diagonal cells represent correctly
classified instances, while white cells denote misclassifications.) for feature set F7 with the linear
SVM, cubic SVM, medium Gaussian SVM, and coarse Gaussian SVM classifiers.

A summary of the training results analysis for feature set F7 can be found in Table 8.
These results demonstrate that the trained models are highly accurate and computationally
efficient. Prediction speeds of over 9000 observations per second (obs/s) for the linear
and medium Gaussian support vector machines indicate their suitability for future real-
time applications. Their compact model sizes (16-25 kB) also make them appropriate for

embedded systems.

Table 8. Training results analysis for feature set F7.

.. . . . . . Medium Coarse

Training Results Linear SVM Quadratic SVM Cubic SVM Fine Gaussian SVM Gaussian SVM Gaussian SVM
Accuracy (%) 100 99.7 100 99.9 100 100

Total cost 0 3 0 1 0] 0

Prediction speed 9600 5600 4800 5000 9200 9000
(obs/s)

Training time (s) 2.624 2.923 2.738 2.576 2.465 2.684

Model size 16 16 16 21 19 25

(compact) (kB)

Additional analyses were also conducted with the F7 feature set, which had pre-
viously yielded the highest mean classification accuracy (99.9%). Four factors influenc-
ing the classification performance were examined individually, as follows: (i) Classifier
type—perfect accuracy (100%) was obtained with the decision tree, k-nearest neighbor,
and neural network classifiers, indicating that F7 maintains strong discriminative power
across diverse algorithms; (ii) sliding-window overlap ratio—windows with no overlap
and those with 50% overlap produced identical mean accuracies (99.8%), suggesting that
overlap has little effect when the dataset is sufficiently large; (iii) dataset size—when the
data were down sampled by 50% and 90%, mean accuracies declined only to 99.4% and
99.1%, respectively, demonstrating the feature set’s robustness to reduced sample counts;
(iv) noise filtering—when classification was performed on raw (unfiltered) signals, the
mean accuracy dropped to 74.5%, and this finding confirms that effectively attenuating all
frequency components other than the unbalance-related 1 X rpm component is critical for

classification performance.
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4. Conclusions

This study systematically quantified how vibration direction, feature selection strategy,
and the SVM kernel choice interact to influence unbalance fault classification in a Jeffcott-
rotor test rig. Statistical analyses showed that feature set selection had a much greater
impact on classification accuracy than SVM kernel choice. Features extracted from vertical
vibration signals consistently outperformed those from the horizontal axis, whereas power
spectrum features delivered markedly higher accuracies than either order spectrum or time
domain features. The higher energy concentration and clearer spectral peaks present in
vertical vibration signals at constant speed make power spectrum-based features more
separable in the SVM feature space. Overall classification performance was not consistently
or noticeably improved by either hybrid feature selection or the inclusion of more features.
Selecting the right SVM kernel shapes both the model’s flexibility and its fit to the chosen
feature space; when this fit is inadequate, classification accuracy may decrease. Accord-
ingly, this study offers a novel, integrated benchmark that quantifies the interplay among
measurement axis, feature domain, and kernel choice, providing practitioners with concrete
guidelines for sensor placement, feature engineering, and SVM hyperparameter tuning in
real-world unbalance-monitoring systems. To detect unbalance faults, experiments were
performed at a constant rotational speed in a controlled laboratory environment. In future,
this work will be extended to include variable rotor speeds and different fault types, both
on a laboratory test rig and on an operational gas turbine engine. The ultimate goal is to
develop a real-time warning system for rotor faults in gas turbine engines using machine
learning techniques.
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