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Abstract: Torsional vibration occurring in a motor can cause not only simple mechanical damage but also severe problems in the entire
connected operating system. To prevent this and maintain operational efficiency, preemptive fault detection and prediction technology
using motor vibration data is emerging as an important field in automation. However, existing studies primarily focus on fault detection
techniques based on data collected in a specific RPM range and have limitations in sufficiently reflecting the environmental variability
and data collection constraints of the actual industry. To solve these problems, in this paper, we propose a new classification model
that can operate effectively even under various RPM conditions and limited data environments. The proposed model complements the
limitations of existing approaches and improves the accuracy and reliability of fault detection by combining similarity-based analysis
and machine-learning techniques based on vibration data collected in the time and frequency bands. In addition, various algorithms
that are widely used in multi-class classification problems were applied to compare the performance of each technique and select an
optimal fault detection model.
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1. Introduction Therefore, the technology for continuously monitoring motor

In the modern industry, electric motors are key devices for conditions and detecting defects early is becoming an essential

maximizing automation and efficiency and play an essential role element in industrial operations.

in various fields, such as manufacturing, transportation, home ap- Most existing studies have developed defect detection tech-

pliances, and robotics. The performance and stability of electric niques by collecting and analyzing data under stable operating

motors are important factors that determine the reliability and conditions (a fixed RPM range). However, in actual industrial

productivity of an entire system and directly affect industrial ef- environments, motors operate over a wide RPM range and under

ficiency and cost reduction. However, motors are exposed to the variable operating conditions, and this variability significantly

affects the vibration characteristics of the motor and accuracy of

fault detection [4][5].

risk of wear and defects when handling continuous rotation and

loads. Various defects such as bearing damage, rotor imbalance,

and shaft misalignment are highly likely to occur under high- Most vibration problems that occur in motor-based rotating

speed rotational conditions [1]-[3]. machines are classified as unbalanced vibrations, shaft misalign-

These defects appear as subtle vibration pattern changes in the ~ Ment, resonance, or bearing problems [1]. In previous vibration

initial stage. However, if left untreated, they can result in severe analysis and defect detection studies, a representative method in-

mechanical damage and production stoppage. In particular, volves checking the vibration data through a frequency band

productivity losses and maintenance costs owing to unexpected spectrum and determining whether characteristics appear accord-

motor defects are emerging as severe problems at industrial sites. ing to the defect type. For the mass imbalance of a rotating shaft,
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a high amplitude occurs in the same frequency component as the
rotation speed in the frequency band spectrum. Previous studies
have focused on performing analyses limited to specific RPM or
fixed operating conditions; thus, they have limitations in suffi-
ciently reflecting various scenarios occurring in actual industrial
environments. Therefore, a new analysis technique that can com-
prehensively cover various RPM ranges and effectively reflect
vibration characteristics under variable operating conditions is
required [6][7].

Recently, deep-learning techniques have been actively adopted
for vibration analysis and fault detection [8][9]. Chen et al. [8]
used convolutional neural networks (CNNs) to classify various
fault types in rotating machinery. Although the study achieved a
high classification accuracy across multiple fault categories, it
was limited to experiments conducted under fixed rotational
speeds and stable operating conditions. Tama et al. [9] compre-
hensively reviewed recent advancements in deep-learning-based
condition monitoring using vibration signals. Although their
study provided valuable insights into numerous proposed ap-
proaches and discussed the applicability of deep-learning models
in industrial scenarios, they did not consider the variability and
complexity of real-world operating environments, particularly
regarding RPM fluctuations and sensor placement differences.
Therefore, this study aimed to address these limitations by pro-
posing a method that better reflects the variability inherent in ac-
tual industrial settings.

To overcome these limitations, we propose a vibration detec-
tion and prediction technique that can be universally applied in
various RPM ranges based on vibration data occurring at three
locations of the motor. Vibration signal characteristics in the nor-
mal and defective states are identified, and the differences in vi-
bration patterns according to measurement locations are analyzed
to clearly identify the defect signs. Additionally, by analyzing
data across time and frequency bands, we utilize machine learn-
ing and similarity-based techniques to precisely learn data pat-
terns and detect signs of defects.

Thus, similarity-based approaches enable the clear identifica-
tion of fault symptoms. In addition, the application of machine-
learning techniques enables effective fault diagnosis by learning
and distinguishing data patterns. Therefore, by combining these
two methods, accurate data analysis and reliable diagnosis can be

performed for fault detection.

2. Related Works

2.1 Fault Analysis Techniques Based on Motor Vibration
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Vibration data analysis methods are divided into time-domain
analysis (TDA), orbit analysis, phase analysis, and frequency-do-
main analysis (FDA). TDA is a method for evaluating machine
operation and the presence of faults by observing changes in
the amplitude, periodicity, and variation patterns of vibration
signals over time. In TDA, the sampling rate, which is based
on the Nyquist sampling theorem, plays a critical role in de-
termining the accuracy of the analysis. The Nyquist theorem
states that to accurately reconstruct a signal, the sampling fre-
quency must be at least twice the maximum frequency pre-
sent in the signal. Therefore, setting an appropriate sampling
rate is essential for obtaining accurate vibration signals. This
analysis method can detect changes in machine conditions
and early fault indications.

Orbit analysis is a technique that visually represents the
shaft motion of rotating machinery to identify faults based on
irregular movement patterns. It uses two sensors to simulta-
neously measure the vibration displacement along the X- and
Y-axes of the shaft and constructs an orbital trajectory from
these measurements. This provides a visual understanding of
the vibration displacement and is particularly effective for
identifying imbalance, misalignment, and abnormal vibration
patterns in rotating machinery.

Phase analysis determines the time relationship between
signals, enabling the identification of when specific vibra-
tions occur.

TDA is a technique that analyzes vibration signals on the time
axis to evaluate the operating status and defects of a machine
based on the amplitude, period, and change patterns of a signal.
Because the judgment is made based on changes in the vibration
data measured in real time, the sampling rate setting based on the
Nyquist sampling theorem is an important factor that affects the
accuracy of the analysis. This analysis technique has the ad-
vantage of capturing machine-status changes and defect signs at
an early stage [10]-[12].

Orbit analysis visually represents the shaft movement of a ro-
tating machine. It uses two sensors to simultaneously measure
the displacement of the X- and Y-axes of a shaft and then gener-
ates the shaft trajectory based on this. This technique is effective
in identifying imbalances, alignment problems, or abnormal vi-
bration patterns of rotating machines, and determines shaft prob-

lems through elliptical trajectories or irregular movements.
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Phase analysis evaluates the condition of a machine by com-
paring the temporal relationships between signals. It is used to
check the alignment condition or identify the location of a fault
by comparing the phases of the signals collected at various points
of a rotating machine. For example, if the signal phase at a spe-
cific location does not match that at other locations, this indicates
the possibility of a local fault.

Frequency band analysis evaluates the frequency components
and corresponding amplitudes of a signal by converting time data
into the frequency domain using a Fourier transform. Because the
amplitude change at a specific frequency appears as a distinct
peak in the spectrum, it is an important factor for fault diagnosis
and condition assessment. Representative forms include the dis-
crete Fourier transform (DFT) and fast Fourier transform (FFT),
both of which are used to effectively calculate frequency compo-
nents [13][14]. In particular, FFT is widely used in environments
that require large amounts of data or real-time analysis because

it significantly reduces computational complexity.

2.2 Machine-Learning for Determination

Machine learning, a powerful technique that is widely used to
analyze and predict complex data patterns, effectively solves
classification and prediction problems by learning the structure
of data. The data covered in this paper are vibration sensor data,
including normal and four fault states, which represent complex
and irregular characteristics related to various types of faults in
rotating machinery. These data contain mixed linear and nonlin-
ear relationships, and various machine-learning algorithms
should be applied and their performances compared for effective
analysis. This is to select the optimal algorithm and accurately
detect faults in complex data structures.

Softmax logistic regression is useful for evaluating linear rela-
tionships, and a support vector machine (SVM) can effectively
handle high-dimensional data and nonlinear relationships. The
random forest provides stable performance and an overfitting
prevention effect in complex data through ensemble learning,
and the K-nearest neighbor (KNN) reflects data density with a
simple distance-based approach. Artificial neural networks
(ANNs) can analyze complex data by applying a multilayer
structure and activation function and are particularly effective in
large-scale data. In this study, five machine-learning algorithms
(softmax logistic regression, SVM, random forest, KNN, and
ANN) were applied to perform data analysis [15]-[17]. By com-
paring the learning results based on the characteristics of the

above algorithms, we can better understand the structure and

characteristics of the data and select an optimal algorithm to im-

prove the accuracy of defect detection and prediction.

2.3 Similarity Analysis

Similarity analysis, which quantitatively measures the rela-
tionship between data, effectively solves problems such as pat-
tern recognition, data classification, clustering, and anomaly de-
tection by quantifying the similarity of data. In particular, for
continuous and periodic data, such as vibration data, similarity
analysis is useful for globally comparing data patterns to under-
stand the data structure and detect state changes or anomalies.

Typical similarity-analysis techniques include cosine similar-
ity (CS) and integral similarity (IS). CS, which measures similar-
ity based on the angle between vectors, is suitable for comparing
the directionality of the data. The formula for calculating it is as
follows:

A'B

CS = s M

where A and B represent two vectors. CS value ranges from -1 to
1, and the closer the value is to 1, the more vectors have the same
direction. This technique ignores the difference in data size and
compares only directionality; therefore, it is not suitable for data
where the difference in size is important.

IS, a method for measuring the similarity in terms of area by
integrating the difference between two signals, is useful for com-
paring continuous signal data. It reflects the overall pattern and

energy of the data, and is expressed as follows:

15 = [7 f(0g(x)dx )

where f(x)and g(x) represent the two signals to be compared,
and a and b represent the domains of the signals. This technique
is suitable for evaluating the overall magnitude and change in a
signal. However, it is inefficient for large-scale data because of
its high computational cost.

CS is primarily used for text data analysis, clustering, or com-
paring the relationships between vector data, whereas IS is uti-
lized in signal processing and continuous data analysis (e.g., bi-
ometric or time series data). The two techniques are appropriately
selected or combined depending on the characteristics of the data
and purpose of the analysis. For example, when directional and
size information must be evaluated simultaneously, the results of
the two techniques can be comprehensively analyzed to derive

highly accurate results.
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3. Proposed Algorithm

3.1 Experimental Environment and Data Configuration

This study used a rotating shaft vibration dataset provided by
the Fraunhofer Institute in Germany (Fraunhofer IIS/EAS) used
for the fault diagnosis and vibration characteristic analysis of ro-
tating machinery [17]. This dataset was collected from a testbed
designed to replicate conditions similar to those of industrial
electric motors. Vibration data were collected under various imbal-
ance conditions by artificially designing a mass-imbalance situation
when the motor was driven. It reflects commonly observed faults
in real-world settings, such as imbalance, misalignment, and
bearing defects, thereby ensuring high industrial relevance. Fur-
thermore, the data include measurements at various rotational
speeds and sensor positions, allowing the dataset to capture the
operational variability and structural complexity representative
of actual industrial environments.

Figure 1 shows the configuration of the device used to obtain
the experimental data. To reproduce various unbalanced condi-
tions, we attached an unbalance holder to the end of the motor
rotation shaft and adjusted the radius and mass to implement an
unbalanced situation. The experimental device consisted of an
electronic DC motor (WEG GmbH, UE 511 T) with a torque of
0.95 Nm and output of 130 W and a W2300 motor controller to
control it. This motor is a representative specification used in var-
ious fields such as small home appliances, automotive parts, ro-
botics, industrial equipment, and precision medical devices, and
provides practical meaning to experimental data. The motor was
firmly fixed to an aluminum base plate with a zinc-plated steel
bracket to maintain stable rotational conditions. Vibration data
were measured at the vertical and horizontal positions of the mo-
tor mounting and bearing blocks using the M607A11 vibration
sensor of PCB Synotech GmbH and recorded at a sampling rate
of 4,096 samples per second using a four-channel data acquisi-

tion system (FRE-DT9837) of PCB Synotech GmbH.
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i controller
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Figure 1: Configuration of the experimental equipment
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Table 1: Experimental conditions according to each data

1D Radius (mm) Mass (g) State
0D/OE - - Normal
1D/1E 14+0.1 3.281 £0.003 Imbalance
2D/2E 18.5+0.1 3.281 £0.003 | Severe imbalance
3D/3E 23+£0.1 3.281 £0.003 Defect
4D/4E 23 +£0.1 6.614 £0.007 Severe defect

The experimental data were divided into two groups (D and
E). Group D experiments were conducted under conditions of a
wide RPM range (630-2,330 rpm) and a small voltage increase
(AV = 0.05 V), whereas Group E experiments were conducted
under conditions of a relatively narrow RPM range (1,060—1,900
rpm) and a large voltage increase (AV = 0.1 V). In each environ-
ment, the voltage was increased once every 20 s and the experi-
ments were conducted twice per experimental condition to in-
crease the reliability of the collected data. The total number of
data points collected was 128,767,426, with an average of
25,753,485 per ID.

Table 1 lists the detailed conditions for each data group. The
data in each group were divided into details according to the im-
balance condition (radius and mass) and could be easily identi-
fied through the ID. The ID comprised the group (D or E) and a
number (0, 1, 2, 3, or 4) indicating the degree of imbalance.

Therefore, each data point collected based on this experi-
mental environment consisted of the motor input voltage (V_in),
rotation speed (Measured RPM), and vibration signals (Vibra-
tion_1, Vibration 2, and Vibration_3). The motor input voltage
and rotation speed were measured using the motor controller and
collected using the vibration sensor data. These values were not
measured by attaching sensors to the experimental equipment but
were recorded based on the control status of the motor. The vi-
bration signal was recorded from each sensor and provided im-

portant information for analyzing the imbalance condition.

3.2 Proposed Fault Detection and Determination Algo-
rithm

Figure 2 shows the structure of the proposed algorithm. The
time-domain data were converted into frequency bands by apply-
ing FFT to analyze the frequency-domain data. Subsequently, a
DC offset removal process was performed to increase the relia-
bility of the analysis. The DC offset indicates the state in which
the average value of the signal is not 0. This is caused by various
factors such as the nonlinearity of the sensor or instability of the

power supply. Because this value can cause a large energy near 0 Hz
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< Proposed Model >
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Figure 2: Structure of the proposed algorithm

during the frequency band analysis and distort the data analysis
results, it was removed by calculating and subtracting the aver-
age value of the signal.

After the DC offset was removed, five statistical (absolute
mean, mean, variance, skewness, kurtosis) and four physical
characteristics (peak-to-peak, root mean square (RMS), impulse
factor, and shape factor) were extracted from the FFT results.
These characteristics quantitatively represent the average tenden-
cies, variability, asymmetry, and amplitude. The extracted char-
acteristics were set as features for each sensor, and each “Case”
was used as a label. The data frame was divided into 80% training
data and 20% test data, and a standard scaler was applied to ad-
just the mean of the data to 0, with a standard deviation of 1. This
standardized the data distribution to a normal distribution,
thereby improving the learning efficiency and prediction perfor-
mance of the machine-learning model.

The similarity between the remaining imbalanced and defect
data was evaluated based on the normal state (Case 0). Similarity
analysis quantitatively evaluates the difference between the nor-
mal and defect states and is applied to systematically analyze the
degree of defect aggravation. The applied integral similarity ef-
fectively reflects the size and energy distribution of the signal by
comparing the entire area. It is superior to the cosine similarity
in analyzing the degree of defect aggravation or evaluating the
overall trend.

To reflect the vibration characteristics according to the RPM
change of the vibration signal as precisely as possible when cre-
ating the model training data frame, we examined a method of
dividing it into 1 rpm units. However, some RPM values did not
continuously exist in the original data, which resulted in missing
values in certain sections. To solve this problem, various interval
sizes were tested, and the analysis results, which increased the
interval size by 1 rpm, confirmed that the smallest effective in-
terval size was 5 rpm. The meaningful operating range (630—
2,330 rpm) of the D group motor was divided into 5-rpm units,

and each section data was converted into time-domain data into
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Figure 3: Structure of the ANN

frequency-domain data using FFT, and similarity and similarity
change characteristics were extracted by performing integration-
based similarity analysis. The corresponding characteristics were
set as features, and each case was designated as a label. The data
were separated into training and test data, and the model was ap-

plied after learning.

3.3 Artificial Neural Network (ANN) Baseline

Figure 3 shows the structure of the ANN. A fully connected
multilayer perceptron was constructed using Keras 3 running on
TensorFlow 2.18. The network comprises five successive hidden
layers with 24, 16, 12, 8, and 6 neurons, respectively, each em-
ploying the ReLU activation function to introduce nonlinearity.
Its final layer is a softmax classifier whose size N matches the
number of classes in each task: four output nodes for the radius
dataset and two for the mass dataset. All parameters were learned
with the Adam optimizer while minimizing categorical cross-en-
tropy using mini-batches of 65,536 samples for a total of 1,000
training epochs; no early-stopping or learning-rate scheduling

mechanisms were applied.

4. Experimental Results

To analyze the data, we extracted the numerical features of the
signals and subsequently applied them to the machine-learning mod-
els. Five statistical features (absolute mean, mean, variance, skew-
ness, and kurtosis) and four physical features (peak-to-peak, RMS,
impulse factor, and shape factor) were extracted. These features
quantitatively represent various characteristics of the signal such as
its central tendency, variability, asymmetry, energy level, and impul-
sive behavior.

Figure 4 shows the results after removing the DC offset. The pres-
ence of a DC offset can result in a significant energy concentration

near 0 Hz when using frequency-domain transformation techniques
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Figure 4: Result after the removal of the DC offset
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such as the FFT, which poses a critical issue by degrading the relia-
bility of data analysis. Therefore, removing the DC offset is essential.
A common method to address this issue involves calculating the
mean value of the signal and subtracting it from the original signal to
eliminate the DC offset.

The experimental data were extracted based on the vibration and
RPM measurements taken at Vibration 1, Vibration 2, and Vibra-
tion_3 according to the measurement locations of the vibration sen-
sors. Figure 5 presents the results of the cosine similarity analysis of
the frequency domain. The x-axis represents the RPM, and the y-axis
represents the similarity analysis value. Based on the normal state
(Case 0), the results indicated the vibration measurements for each
case from Cases 1 to 4.

The experimental results showed that the similarity of each
case exhibited a certain relationship within specific RPM sec-
tions, with some differences observed between the similarity val-
ues.

However, compared with the results of the frequency-band in-
tegral similarity analysis, the similarity values between the cases
tended to intersect or overlap more frequently in specific RPM
sections, and the correlation of Vibration 3 was relatively weak.
This indicated that although frequency-band cosine similarity is
useful for identifying specific patterns based on the presence or
absence of defects, it does not sufficiently capture characteristics
such as signal amplitude or energy density. Consequently, it has
limitations in clearly distinguishing the boundaries between de-
fect states or in analyzing the degree of intensification in detail.

Figure 6 shows the results of the integral similarity analysis
in the frequency domain. The x-axis represents RPM, whereas
the y-axis represents the similarity value. The similarity of each
case exhibited a clear relationship within specific RPM sections,
and the difference in the similarity values between the defective
and normal states was evident. Additionally, the variation in sim-
ilarity values across different RPM sections within the defective
state confirmed that the frequency-band integral similarity can
effectively distinguish not only the presence of a defect but also
the degree of defect aggravation.

This is significant because it demonstrates that the frequency-
band vibration data form a systematic and reliable pattern in re-
sponse to changes in the RPM. When comprehensively evaluat-
ing the results of both time- and frequency-band similarity anal-
yses, the frequency-band integral-based similarity analysis was
considered to be the most suitable method for model learning and

prediction. This is because it provides the clearest relationships
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Table 2: Prediction performance of data learning models based

on frequency-domain integration similarity analysis

Softmax Random
Algorithm| SVM |[Logistic Re- KNN ANN
. Forest
gression
Average
82% 57% 93% 67% 60%
Accuracy

Table 3: Evaluation results for each indicator of the ANN

Indicator | F-1 Score | Precision Recall Average Ac-
curacy
ANN 82% 57% 93% 67%

and distinctions in the similarity values across different cases
throughout the entire motor operating range.

Table 2 presents the results of machine learning based on the
frequency-domain integral similarity analysis. Random Forest
exhibited the best performance, with a high accuracy of 93%.
This was interpreted as the result of an ensemble model combin-
ing multiple decision trees to learn the overall structure of the
data and effectively utilize the interaction between features to sta-
bly reflect complex data patterns. The SVM recorded a high per-
formance with an accuracy of 82% and effectively learned the
nonlinear trend appearing in the similarity and the amount of
change in the similarity by utilizing the RBF kernel.

Table 3 presents the evaluation results of the ANN using these
indicators. In addition to overall accuracy, the ANN baseline was
evaluated using class-balanced metrics. On the four-class radius
task, it achieved a macro-averaged F1l-score of 0.44 (precision
0.51 and recall 0.77 for the normal class, but only 0.40 and 0.25
for the most severe defect). For the two-class mass task, the
scores increased to a macro- and weighted F1-score of 0.73, with
precision/recall of 0.71/0.80 for class 0 and 0.77/0.67 for class 1.
The internal analysis of confusion matrices showed that most
misclassifications occur between neighboring severity levels, in-
dicating that similarity-based features preserve a consistent gra-
dation of fault intensity even when errors occur. Additionally, the
headline ANN accuracy of 60% in Table 2 is simply the un-
weighted arithmetic mean of the separate radius (46%) and mass
(73%) accuracies.

The above results show that the random forest and SVM ef-
fectively learned global patterns and nonlinear relationships from
similarity-based data and are particularly suitable algorithms for

similarity-based fault detection and prediction models. In
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contrast, KNN, logistic regression, and ANN with multilayer per-
ceptron structures exhibited limitations in learning the global fea-
tures of similarity-based data. In addition, the prediction accu-
racy for each fault type of the random forest model with the high-
est accuracy was evaluated using the RPM. Through this, we an-
alyzed whether the model is reliable and maintains stable perfor-
mance throughout the entire motor operating range, and con-
firmed the change in classification performance according to the

RPM section.

5. Conclusion

This study thoroughly analyzed the feasibility of detecting
faults in rotating machinery based on the vibration data collected
under various RPM conditions in an accelerated environment.
Additionally, a new direction for data-driven maintenance tech-
nology is proposed. This study successfully enhanced the dy-
namic stability of rotating machinery and improved the reliability
of fault detection by quantitatively evaluating the vibration char-
acteristics and fault conditions across the entire motor operating
range. This was achieved by integrating a similarity analysis-
based approach with machine-learning techniques. The results of
both the time- and frequency-domain analyses highlighted the
significant impact of RPM variations on the vibration character-
istics. Specifically, the increase in the amplitude and shift in the
energy distribution associated with an imbalance in the high-
RPM region provided crucial insights for early fault detection.

Furthermore, the proposed similarity analysis-based approach
maintains computational efficiency and simplicity, requiring sig-
nificantly less computational power than traditional numerical
characteristic-based methods. This suggests that the proposed

technique has potential for real-time applications in the future.
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