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Abstract

Centrifugal pumps, as key components of hydraulic systems, play a fundamental role in ensuring the reliable operation
of numerous industrial processes in sectors such as energy, chemical production, and oil refining, where uninterrupted
equipment performance is of critical importance. Failures of centrifugal pumps can result in substantial financial losses
due to costly repairs and unplanned production downtime. This paper presents an innovative approach to diagnosing
and detecting faults in centrifugal pumps. The method is based on the application of Motor Current Signature Analysis
(MCSA) in combination with automated machine learning (AutoML) technologies. Such an approach enables efficient
and highly accurate identification of early signs of equipment malfunction. The experimental study was conducted
using an open dataset collected under conditions close to real-world operation. The proposed method achieved a fault
detection accuracy of 89 %, which significantly exceeds the performance of the traditional gradient boosting method.
This confirms the advantage of a comprehensive model developed through AutoML. Further improvement in diagnostic
accuracy was made possible by applying an enhanced Park’s vector transformation to the raw current and voltage data.
This approach makes it possible to detect even subtle anomalies in pump operation, thereby strengthening the capability
for early fault prediction. The study not only highlights the potential of MCSA as a non-invasive and scalable tool for
equipment condition monitoring but also demonstrates the promise of AutoML for technical diagnostics of industrial
pumps.
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Introduction

The global pump market reached a volume of USD 59.2 hillion in 2023, with centrifugal
pumps representing its largest segment. These pumps are critically important for combined-cycle
power plants, coal-fired thermal power stations, nuclear reactors, chemical facilities, and other
industries [1, 2]. According to data from the European Association of Pump Manufacturers, an oil
refinery with a capacity of 300,000 barrels per day may operate up to 650 pumps, each of which
requires thorough monitoring to prevent failures. Without intelligent systems capable of automati-
cally analyzing sensor data and detecting anomalies [3], timely monitoring of such a fleet of equip-
ment becomes impossible.

* Global Pump Market Outlook. Spring 2024. Sample Material. URL: https://www.oxfordeconomics.com/resource/global-pump-
market-outlook-2024/ (accessed 10.04.2025).
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One of the promising methods for pump condition monitoring is Motor Current Signature Analysis
(MCSA). This approach enables the assessment of equipment condition based on the analysis of con-
sumed current using low-cost sensors and well-established signal processing techniques. MCSA is
particularly effective for centrifugal pumps, as it allows the detection of problems at an early stage
without direct access to the pump, in contrast to vibration, acoustic or pressure analysis methods.

Despite the potential of MCSA, its manual or semi-automated application requires significant
effort from experts and developers, which hinders scalability across a large number of units. A pos-
sible solution lies in diagnostic systems based on machine learning (ML), which have been investi-
gated for more than 15 years. Most MCSA-related studies focus on motor diagnostics — such as rotor
bar breakage [4, 5], stator winding faults [6], and bearing defects [7-9]. Typical approaches include
feature extraction in the time, frequency, and time-frequency domains [10-12], demodulation trans-
formations [13, 14] and their combinations with various ML models. However, research dedicated
specifically to pumps is very limited due to the lack of high-quality data. The majority of studies rely
on synthetic datasets [8] or laboratory test rigs [15, 16], which constrains the applicability of their
findings under real operating conditions. An exception is the study by C.E.Sunal et al. [9], which
employed industrial data from centrifugal pumps. Nevertheless, its technical implementation details are
insufficiently disclosed.

Classical machine learning methods and deep learning (DL) approaches are promising [17], yet
they are constrained by the limited availability of labeled data. In practice, traditional ML is capable
of solving tasks under conditions of data scarcity. However, in such cases the creation of an informa-
tive feature space becomes critically important. An effective method for generating additional
informative signals for equipment analysis and feature construction remains the use of the Extended
Park’s Vector Approach, which mitigates the influence of supply frequency and highlights fault-re-
lated features [18]. The development of automated machine learning (AutoML) further opens new
opportunities. AutoML simplifies data preprocessing, model construction, and hyperparameter
tuning, enabling efficient utilization of data even in the presence of class imbalance [19-21].

The objective of this study is to develop a methodology for fault detection in pump units with
electric motors based on current signature analysis under conditions of limited data availability. To
this end, the research addressed the task of identifying an optimal combined approach that integrates
MCSA techniques, the generation of an informative feature space, and AutoML for early-stage fault
classification of centrifugal pumps and electric motors using an open dataset simulating real operating
conditions. The study considers a scenario in which a fault with similar signal manifestations may
occur either in the motor or in the pump. A series of experiments evaluated the impact of the Extended
Park’s Vector Approach on diagnostic accuracy. The results demonstrated that AutoML is capable of
automatically generating models with accuracy exceeding 89 %, outperforming optimized gradient
boosting. This confirms the potential of AutoML for industrial diagnostic applications.

Related works

Motor current signature analysis of pumps and electric motors. Several approaches have been
proposed for anomaly detection and fault classification of pumps and motors using MCSA [22]. One
of the more recent methods, presented by Y.Han et al. [15], focuses on unsupervised anomaly detec-
tion through a comprehensive framework combining MCSA, the Extended Park’s Vector Approach,
a CNN-LSTM attention model, and spectral analysis. The model attempts to reconstruct the instan-
taneous current amplitude by leveraging the original phase signals along with additional voltage fea-
tures. The authors conducted an in-depth analysis and manually identified three levels of cavitation
as well as the number of damaged impeller blades. Decision-making was based on a statistically
computed threshold in the frequency domain and on the residual difference between measured and
predicted values. All tasks were performed under variable flow conditions.
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C.E.Sunal et al. [9] applied a classical approach by visualizing the components of the Park’s
vector. They achieved an accuracy ranging from 85.5 to 100 % (depending on the signal sampling
frequency) in the image classification task using a fine-tuned ResNet-34 model. The visual represen-
tation addressed the data imbalance problem by effectively augmenting the existing dataset. The
model was trained and validated at frequencies of 1500 and 3000 Hz, while the test data included
1500, 3000, and 4500 Hz. The data were collected from pumps operating under different working
conditions. This approach enabled the supervised detection of anomalies by identifying defective
pumps. A detailed review by the same authors [8] demonstrates that deep learning models are capable
of solving motor and pump fault detection tasks with high accuracy. Only a small fraction of classical
machine learning models achieve accuracy above 90 %.

However, these studies lack information regarding the severity of faults. Signals of advanced
defects can be identified visually through frequency analysis, yet experts may encounter difficulties
in detecting weak anomalies. Faults may be masked within the sidebands of the carrier frequency or
bearing frequencies, remaining unnoticed after demodulation due to the low spectral power of defect
harmonics and high noise levels. Machine learning methods allow for the prediction of emerging
faults, but the limited volume of available data can critically affect deep learning models, leading to
overfitting. An additional challenge arises when the operating conditions of the pump or motor
change, necessitating the collection of new data.

Application of AutoML in fault detection. Initially, AutoML was focused on automating typical
tasks of ML engineers, thereby making machine learning more accessible to domain experts.
However, the evolution of the field has demonstrated that AutoML can outperform humans
in designing model architectures for both classical ML [23, 24], and deep learning [25]. A variety of
AutoML frameworks exist, but to the best of the authors’ knowledge, only two of them — FEDOT
and TPOT [26]) — are capable not only of automating model search and hyperparameter optimization,
but also of generating composite models using genetic algorithms to improve performance. A com-
posite model is a special type of ensemble, resembling stacking. It can be represented as a graph,
where each node corresponds to a model or a data processing method. By combining nodes and con-
nections, it is possible to obtain an optimal structure tailored to the specific dataset.

Previous studies on fault diagnosis using AutoML demonstrate that such approaches enable the
development of complex models with higher accuracy than individual algorithms. J.Zhang et al. [12]
showed that TPOT outperformed SVM and XGBoost, achieving accuracy between 95.8 and
99.3 % under different signal-to-noise ratios in vibration signals. Using wavelet decomposition,
A.S.Maliuk et al. [27] successfully classified three types of bearing faults (inner race, outer race, and
ball) as well as the normal condition. Similarly, R.H.Hadi et al. [28] reported that the AutoML frame-
work PyCaret achieved 95.6 % accuracy on new data without employing composite models.
M.Cerrada et al. [29] compared the results of TPOT and H20 [30] in the task of classifying
the severity of three types of gear faults. Both frameworks demonstrated comparable accuracy
(exceeding 96 %) across all scenarios, on par with other ML and DL methods. The authors noted that
the key features used by the models were consistent, despite differences in their architectures.

The main advantage of FEDOT over TPOT and other frameworks is its ability to generate
models with high variability. High variability of composite models refers to the capability of con-
structing a directed acyclic graph, where the nodes represent data preprocessing operations or trained
models, and the edges define the flow of results between nodes. FEDOT allows the connection of
preceding nodes to any subsequent nodes. In this way, FEDOT generalizes the approach to composite
model construction implemented in TPOT. Moreover, FEDOT supports diverse data types and tasks,
offering a flexible interface for interaction. Studies employing FEDOT for motor diagnostics are very
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limited. In the work of 1.Revin et al. [31] FEDOT was tested on time series classification tasks using
public datasets. In 90 % of cases, the performance of FEDOT’s composite models exceeded
or approached that of state-of-the-art algorithms, confirming their applicability to tasks analogous
to fault detection.

Methods

Experimental data. Publicly available datasets for analyzing motor current and voltage, particularly
for motors coupled with pumps, are limited. Most existing datasets cover only a narrow range of fault
types, motor power ratings, and operating modes. However, S.Bruinsma et al. [7] introduced a dataset
that partially addresses these issues. The dataset includes three-phase currents and voltages recorded
after a frequency converter for induction motors rated at 11 and 22 kW, as well as vibration signals
measured at five points on the motor and pump. The data were collected at a sampling frequency
of 20 kHz. Electrical signals were recorded for 15 s with a 2 min interval between measurements.
The signals were not processed in any way; the raw 24-bit data were stored directly in CSV files.
In total, 20 fault types were recorded, each with three severity levels. Data for healthy states were
measured 94 times, while the number of records for other faults varied from 3 to 10. Based
on this, the dataset is unbalanced, with the proportion of healthy states exceeding faulty ones by
approximately 5:1. Data labeling was performed automatically at the time of acquisition, with each
fault recorded separately. The dataset was not validated by independent experts, but it was collected
at different motor speeds, which increases its applicability to real industrial conditions. Despite the
authors’ efforts, this dataset has rarely been used in studies on current-based diagnostics of pumps.

For the experiments, the minimum severity level of faults was selected, as the primary objective
was early detection. Measurements were carried out at 100 % motor speed. The task was formulated
as a multiclass classification problem with seven classes: healthy state, motor bearing faults (inner
race, outer race, ball), pump bearing fault (simultaneous inner and outer race), and looseness of motor
and pump mountings. The data were pre-analyzed to examine signal properties before and after pre-
processing, as well as to identify outliers. The seven selected classes represent the most challenging
cases for defect analysis. The faults in the dataset were artificially induced. Bearing race damages
were introduced from the rolling element side using a milling cutter, resulting in grooves spanning
the entire width of the race with a length of 1 mm and a depth of 350 um. The degree of damage
varied depending on the number of such scratches. The rolling elements themselves were
damaged with a rotary engraver across the entire ball surface, producing scratch-like defects over
the ball surfaces [7]. Looseness of the mountings was simulated by reducing the tightness of already
fastened bolts.

Data preprocessing and feature extraction. The original dataset contains files for each phase and
signal type, where the columns correspond to 15-second measurements. The files were transformed
into an array of size Ngymp* Nehan, Where N, = 6 (three current phases and three voltage phases).
The array includes all available data for both healthy and faulty states, with corresponding class la-
bels. Thirty percent of the measurements for each state were reserved for the test set.

In part of the experiments, additional data channels were introduced using the Extended Park’s
Vector Approach (up to six channels). This transformation enhances the diagnostics of three-phase
electrical machines by minimizing the influence of the fundamental supply frequency (50 Hz) and
highlighting fault-related features. For example, the extended Park’s transformation for current
is defined as a linear combination of the three phases, which simplifies the analysis of asymmetry
and harmonics:

i, = (2, —i, —i,)/3;
i, = (i, —i,,) /3,
where 1i,, i,, i, correspond to the three current phases, and i_, i, represent the real and imaginary

u? ‘v w

components of the Park’s vector.
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The linear transformation makes it possible to obtain up to four data channels (two for current
and two for voltage). These vectors can also be used to generate up to four additional channels by
computing the squared modulus of the Park’s vector:

Iinst :||a + J|b|’
where i, denotes the instantaneous amplitude.

This transformation removes the fundamental 50 Hz component from the signal. After
generating the additional channels, the sample array was divided into time windows of 1s
(20,000 samples per window) and converted into a three-dimensional tensor. The tensor dimensions
corresponded to the number of windows, window size, and number of data channels. For each
window, feature extraction was performed according to standard MCSA practices [32]. Features in
the time and frequency domains were calculated, including mean value, variance, root mean square
(RMS), crest factor, kurtosis, and skewness.

The energy of the approximation coefficients from the first, second, and third levels of the
wavelet packet decomposition was added in the time-frequency domain. In total, 28 features were
calculated for each data channel, resulting in up to 224 features. The complete list of features is
presented in Table 1. At the final stage, min-max scaling was applied to both the training and test
datasets.

Table 1
Generated functions
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SF = 1—' Wavelet packet decomposition D =Y"D . =123
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As part of the study, four datasets were constructed to investigate the impact of additional chan-
nels on the effectiveness of fault diagnostics using MCSA. The first dataset (NoPark) contained only
the preprocessed raw current and voltage data and served as the baseline for evaluating classification
accuracy improvements obtained by adding Park’s vector components. The second dataset consisted
solely of instantaneous current and voltage vectors. This dataset was used to assess the demodulation
effect of the Extended Park’s Vector Approach and to compare the expressiveness of the data against
unprocessed current and voltage signals. The third dataset combined the previous two and served as
the primary dataset for evaluating the effectiveness of the proposed algorithms, as it contained the
largest amount of signal information. The fourth dataset included Park’s vector components as well
as the instantaneous amplitude. This dataset was used to evaluate the amount of fault-related infor-
mation contained in the Park’s vector components (each component representing a linear combination
of three phases) and to reduce the dimensionality of the feature space. Table 2 summarizes the
characteristics of each dataset used in the experiments.

Table 2
Datasets
. Training dataset size
Experiment Data (number of samples X number of features)
NoPark Three current and voltage phases 1680 x 168
OnlylnstAmp Instantaneous current and voltage amplitude 1680 x 56
WithinstAmp Three phases and instantaneous current and voltage amplitude 1680 x 224
FullPark Park’s vectors and instantaneous amplitude 1680 x 168

Classification algorithms. Two approaches were used for fault classification. During preliminary
training, the gradient boosting algorithm demonstrated superior performance compared to other
classical machine learning methods. This result is consistent with the general consensus that gradient
boosting is among the most effective techniques for such tasks. Thus, the first approach involved
the use of gradient boosting on decision trees implemented through the CatBoost library [33].
The CatBoost classifier was trained using hyperparameters optimized with the Optuna tuning
framework [23].

For hyperparameter sampling in Optuna, the Tree-structured Parzen Estimator
algorithm [24, 34] was applied with 10 initial trials. As the adaptive pruning algorithm (pruner),
Hyperband [34] was used with a minimum resource allocation of 50, a maximum of 400, a reduction
factor of 2, and 10 bootstrap samples. Thanks to Optuna’s multithreading capabilities, hyperpa-
rameter optimization was significantly accelerated, with approximately 3000 configurations tested
in each experimental scenario. The maximum number of training iterations for CatBoost was
set to 400.

During the optimization process, Optuna tuned the following hyperparameters: loss function —
MultiClass (multiclass) or MultiClassOneVsAll (multiclass OneVsAll); learning rate — from 0.01
to 1 with a step of 0.001; L2 regularization on leaves — from 1 to 200 with a step of 1; boosting
type — Ordered or Plain; class weight calculation formula — Balanced or SqgrtBalanced; tree
depth — from 1 to 10 with a step of 1; and feature fraction (percentage of random subspace) — from
0.01 to 1 with a step of 0.01.

In the second approach, the open-source AutoML platform FEDOT [20] was applied to solve
the same classification task. The FEDOT platform is capable of automatically generating,
optimizing, and tuning composite models using a directed acyclic graph representation and
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genetic algorithms. In this study, the best quality preset was used, which allows the inclusion of
any available machine learning models in the construction of the composite model.

The early stopping criterion was set to 10 generations without improvement, and the maximum
number of generations was limited to 100. During hyperparameter tuning with Optuna, the objective
was to maximize the macro-averaged F1-score on the test dataset. In the case of composite model
construction, the FEDOT framework autonomously attempted to maximize the macro-averaged
F1-score using five-fold cross-validation. To minimize the effect of class imbalance, macro-averaging
was applied. Since the FEDOT framework does not support macro-averaging natively, a custom
metric was implemented.

Results

Exploratory data analysis. The original recorded signal is shown in Fig.1. The waveform
deviates substantially from an ideal sinusoid due to the use of a frequency converter, with the
largest distortions observed in the voltage. Analysis of the signal distributions revealed no significant
differences between the raw data for healthy and faulty states. However, in the healthy state data
(healthy 1 at 100 % speed, 15th measurement), a motor shutdown process was detected, which
was excluded as an outlier.

The Extended Park’s Vector Approach enabled an alternative representation of the data.
The effect of the transformation on the signal spectrum is shown in Fig.2. As severity level 3, a
motor signal with a damaged bearing outer race was used. Demodulation redistributes the
spectral amplitude to other frequencies, thereby facilitating fault detection. Park’s transformation
suppresses the supply carrier frequency while amplifying other significant harmonics. This alters
the distribution of the signal when comparing healthy and faulty states, which in turn affects the
distribution of the extracted features.

A visual analysis of the Park’s vector components was conducted. Figure 3 illustrates the
difference between a bearing outer race fault (BPFO) at severity levels 1 and 3 at 100 % motor speed.
The main distinction between the healthy state and both faulty states is driven by the larger volume
of healthy state data. However, it is evident that the pattern at severity level 3 is more distorted
and asymmetric compared to severity level 1, which remains closer to the healthy state. This
indirectly indicates the difficulty of detecting faults at early stages, even when applying machine
learning methods.

" 0 e TN i AVNEAN A e\\\ N ’ 300 [\ AL AN AL /\
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Fig.1. Original current signal (a) and voltage signal (b)
1, 2, 3 — phases
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Fig.2. Comparison of the spectra of the original current signal and the instantaneous amplitude:
a — spectrum of the instantaneous current phase; b — spectrum of the generalized current after Park’s
transformation

fc — carrier frequency 50 Hz; fgpro =~ 74,7 Hz depending on the bearing and motor rotational frequency

Analysis of feature distributions using boxplots confirmed that the proposed features capture
class differences and can improve classification performance. Figure 4 presents three informative
features: one generated from the raw voltage data; one obtained from the spectrum of the
a-component of Park’s transformation; and one computed through wavelet packet decomposition of
the instantaneous current. Each of these features can be effectively used for training ML models.

Analysis of AutoML results. A time budget of 30 min was allocated for generating composite
machine learning models, and 5 min for hyperparameter tuning. The experiments were carried out
in three stages:

« Baseline: a combination of a quantile feature generator and a random forest model.

» Comparison with SOTA: the best result of the proposed approach was compared with the per-
formance of other time series classification models using the F1-score metric.

» Ensembling: features from the top-performing models were combined into a single matrix, after
which the model selection process was repeated.

Figure 5 visualizes the process of model composition. An improvement in model quality is ob-
served with each generation, followed by metric stabilization, which confirms FEDOT’s ability to
converge to an optimal solution within a reasonable time. Analysis of the diversity within the model
population showed that, at the beginning, the distribution of metrics was wide, reflecting variability
in performance. At later stages, the distribution narrows as the target metric increases and the standard
deviation decreases. Evolutionary optimization thus ensures both high model quality and the preser-
vation of diversity, even in the final generations.
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Fig.3. Comparison of the structure of Park’s vector components for severity level 1 (a), severity level 3 (b),
and the fault-free state

1 — components of Park’s transformation unrelated to faults, identical in both plots;
2 — fault-related components that vary with the severity level in each case;
i, and i are real and imaginary components of Park’s vector

Advantages of the approach over traditional gradient boosting:

* Flexible model composition — examples of the generated pipelines (Fig.6) demonstrate the
framework’s ability to combine heterogeneous preprocessing methods and algorithms.

« Automation of labor-intensive stages — automatic feature selection, model choice, and hyperpa-
rameter tuning significantly reduce development time.

* Integration of AutoML and MCSA — the results confirm that combining AutoML with MCSA
enables the development of effective diagnostic systems for industrial equipment.

Model evaluation. The macro F1-scores for both algorithms, measured on the test dataset, are
presented in Table 3. The CatBoost algorithm achieved a maximum macro F1-score of 0.68 when
trained on data without Park’s transformation. Models trained on other datasets showed slightly
lower performance with nearly comparable scores. The FEDOT framework demonstrated supe-
rior results, achieving a macro F1-score above 0.89. The best-performing model was trained on
data combining raw and instantaneous amplitude signals. The composite model begins with a
resampling node, which does not apply any transformations in the case of a multiclass task. The
second node applies the FastICA algorithm with unit variance whitening, without dimensionality
reduction, and passes the result to the next node. The third node is a logistic regression model
with an inverse regularization strength of C = 5.88. The normalization node applies min-max
scaling to the probabilities produced by the logistic regression. The final node performs quadratic
discriminant analysis (QDA) on the normalized probabilities. The resulting pipeline is simple to
understand and interpret; it confirms that the data are well-prepared and provides all the necessary
information on the faults. Even in cases where pump and motor faults produce similar spectral
characteristics, the algorithm clearly distinguishes them. A comparison of the confusion matrices
for the best CatBoost and composite models is shown in Fig.7.

Table 3
F1-score for the CatBoost algorithm and the composite model
Experiment CatBoost Composite model Experiment CatBoost Composite model
NoPark 0.68 0.76 WithInstAmp 0.65 0.89
OnlylnstAmp 0.66 0.65 FullPark 0.64 0.86
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Fig.4. Example distributions of extracted features: a — first voltage phase, linear integral;
b — computed spectrum variance; ¢ — instantaneous current amplitude, coefficient cAi
(energy of approximation coefficients from the wavelet packet decomposition)

Healthy — absence of any faults; BPFI, BPFO, and BSF — faults associated with inner race,
outer race, and ball defects of the motor bearing;
LF_motor and LF_pump — looseness in motor and pump mountings;
Bearing_pump — pump bearing fault with damage to both races

The models experience the greatest difficulty in accurately classifying outer and inner race faults.
Both models exhibit confusion between inner race defects and rolling element defects. This can be
explained by the fact that the induced faults represent an early stage of defect development and are
weakly expressed in the signals, while the extracted features showed similar distributions for these
confused fault types. For the composite model, inner race faults proved to be the most challenging to
recognize. Similar behavior was observed during the preliminary selection of the best classical ML
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Discussions and limitations

The application of the CatBoost algorithm with various combinations of additional features did
not achieve better results in detecting such pump unit faults as motor bearing defects (inner race, outer
race, ball), pump bearing defect (simultaneous inner and outer race), and looseness of motor and
pump mountings, compared to the approach proposed in this paper. The composite model demon-
strated superior performance when using features generated from instantaneous current and voltage
amplitudes. The results of the composite model confirm the preliminary analysis and clearly show
that the Extended Park’s Vector increases the amount of useful information. The study confirmed that
this approach should be applied in combination with raw data to achieve the best results.

An important outcome of the study is the demonstration that the classifiers were able to distin-
guish between similar faults in the electric motor and the pump. The obtained results suggest that the
proposed model can be trained to detect anomalies with a low false positive rate, even when using
data corresponding to low fault severity levels.

It should be noted that several practical issues remain unresolved within the scope of this study
and require further investigation. In this work, we used the maximum available motor speed, whereas
in real applications the motor may operate under varying conditions. Variable frequency drives are
often employed to regulate motor speed, and such drives were present during the recording of the
dataset used. Variable frequency drives alter the amplitude and frequency of the motor supply, which
fundamentally changes the recorded signals and the extracted features — resulting in data drift. The
same effect would occur when replacing the motor or pump model. Due to data drift, the model’s
performance may deteriorate, and therefore it must be retrained, and in some cases modified, to
maintain its accuracy. The modification of pretrained models is possible within the FEDOT frame-
work, and the fine-tuning of such models is simpler and faster compared to deep learning models.

a b
normali
zation
| A

Fig.6. Examples of composite pipelines generated by AutoML.: a — linear pipeline with boosting;
b — linear pipeline with perceptron
Computational nodes: normalization; scaling; Ilgbm — light gradient boosting
machine; logit — logistic regression; rf — random forest;
mlp — multilayer perceptron
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Fig.7. Comparison of confusion matrices between CatBoost (a) and the composite model (b).
The upper value indicates the total number of classified samples; the lower value shows the percentage of samples
normalized with respect to the true set (100 % for each row)

Healthy — absence of any faults; BPFI, BPFO, and BSF — faults associated with inner race, outer race,
and ball defects of the motor bearing; LF_motor, LF_pump — looseness in motor and pump mountings;
Bearing_pump — pump bearing defects

The authors believe that these limitations can be overcome either by normalizing the signal with
respect to the speed and load of the diagnosed units, or by deriving features that are invariant to signal
amplitude and frequency.

It is important to note the limitations of data collection, which represent a common challenge in
industry. Recording large amounts of fault data is difficult, since damaged electric motors and pumps
must be serviced immediately. The classical machine learning approach helps to mitigate this limita-
tion compared to deep learning methods, even under conditions where only a small amount of fault
data is available. Generative neural networks may improve this situation; however, they still face the
same shortage of training data. Nevertheless, such methods are beginning to emerge.

Conclusions

An approach to classifying a range of industrial pump and electric motor faults using a model
composition framework is presented, achieving a macro F1-score of 0.89. It has been shown that the
use of the Extended Park’s Vector in combination with raw data yields superior results under condi-
tions of limited training data availability.

The study demonstrated that the proposed algorithm outperforms the gradient boosting algorithm
when using the same additional features for the considered faults (motor bearing defects: inner race,
outer race, ball; pump bearing defect: simultaneous inner and outer races; and looseness of motor and
pump mountings).

It was established that, through current and voltage analysis using the proposed approach,
it is possible to distinguish between bearing faults associated with both the electric motor and the
pump.

This research highlights the potential of MCSA as a non-invasive and scalable tool for equipment
condition monitoring, the importance of generating additional features, and the promise of AutoML
for technical diagnostics of pump units.
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With a view to practical implementation of the developed approach, further studies are planned,
focusing on changes in pump rotational speed and the resulting data drift.
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