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Term Memory (LSTM), Support data. The approach integrates data preprocessing, extraction of ten
Vector Machine (SVM), K-Nearest statistical time-domain condition indicators, and comparative
Neighbors (KNN). evaluation of three machine learning algorithms: K-Nearest Neighbors

(KNN), Support Vector Machine (SVM), and Long Short-Term Memory
(LSTM). The results demonstrate that the LSTM model achieved
superior predictive performance, yielding a Mean Absolute Error (MAE)
0f 0.0356, a Root Mean Square Error (RMSE) of 0.0064, and a Coefficient
of Determination (R?®) of 0.9953. The findings reveal distinct
degradation patterns across the monitoring period, confirming the
utility of statistical features in modelling pump health. Overall, the study
demonstrates that integrating statistical indicators and deep learning
provides a reliable and scalable approach to predictive maintenance for
centrifugal pump systems.

1. Introduction

Centrifugal water pumps are widely used in industrial, agricultural, commercial, and municipal systems due to
their robustness, efficiency, and ability to operate continuously. Their reliability is vital because unexpected
pump failures can disrupt critical processes, reduce productivity, and incur substantial repair costs. Continuous
exposure to varying hydraulic conditions, fluid pressures, and environmental influences leads to the degradation
of mechanical components, including bearings, seals, and impellers. Consequently, ensuring the sustained
reliability of centrifugal pumps requires maintenance strategies that can effectively detect, predict, and mitigate
the progression of failure.

Traditional maintenance strategies — including corrective maintenance, where failures are addressed only after
they occur, and preventive maintenance, where servicing is scheduled irrespective of equipment condition —
are increasingly unsuitable for modern industrial contexts (Chaibi et al.,, 2024; Keane et al., 2024). Corrective
maintenance often results in unplanned downtime and high repair costs, while preventive maintenance may fail
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to detect early-stage degradation, often leading to premature replacement of still-functional components. These
limitations highlight a critical gap in conventional approaches: neither strategy effectively addresses real-time
equipment health, thereby limiting their efficiency and cost-effectiveness.

Predictive maintenance (PdM) seeks to overcome these limitations by leveraging sensor data, statistical
indicators, and machine learning (ML) to monitor equipment condition and forecast impending failures. ML
techniques, including k-Nearest Neighbors (KNN), Support Vector Machines (SVM), and various deep learning
models, have shown high potential in detecting degradation patterns within complex sensor datasets (Afuan &
Isnanto, 2025; Kaewsong & Suriya, 2025; Manivarma et al.,, 2023). Deep learning architectures—particularly
Long Short-Term Memory (LSTM) networks—offer advanced capabilities in temporal sequence modelling,
making them highly suitable for Remaining Useful Life (RUL) estimation (Dong et al., 2017; Kizito et al., 2021;
Wu et al,, 2018). Although ML-based prognostics have been successfully applied to rotating machinery such as
bearings, motors, and turbines, the literature addressing centrifugal pump RUL prediction remains relatively
limited despite the substantial industrial importance of such pumps.

This gap highlights the need for a comprehensive framework tailored specifically to centrifugal pump
prognostics. While previous research has tested various algorithms (Chen et al,, 2021; He et al., 2022; Luo et al,,
2025; Panda et al, 2018; Ranawat et al, 2021), few studies incorporate pump degradation mechanisms,
vibration-based statistical indicators, and comparative ML evaluation within a unified structure (Luo et al., 2025;
Panda et al, 2018; Ranawat et al, 2021). Moreover, real-world deployment pathways—such as graphical
interfaces for operational personnel—are rarely included in existing work. Addressing these gaps requires a
holistic approach that integrates data preprocessing, feature engineering, model training, and deployment
considerations.

The objective of this study is therefore to develop, evaluate, and implement a complete predictive
maintenance framework for centrifugal water pumps using multi-sensor data collected over several months of
operation. The approach includes systematic data preprocessing, extraction of ten vibration-based time-domain
statistical condition indicators, development of KNN, SVM, and LSTM models for RUL regression, comparative
performance evaluation, and real-time deployment. By providing both analytical and deployment perspectives,
the study demonstrates a replicable pathway for implementing machine-learning-based predictive maintenance
solutions in industrial pump systems.

The remainder of this paper is organized as follows. Section 2 discusses the degradation mechanisms of
centrifugal pumps and existing ML-based prognostic research, providing the background and related works that
motivate the present framework. Section 3 details the proposed predictive maintenance pipeline, including data
acquisition, preprocessing techniques, feature extraction, and model development. Section 4 presents
experimental results and discusses the behavior of condition indicators, model performance, and RUL prediction
accuracy. Finally, Section 5 concludes the study and outlines potential directions for future research.

2. Background and Related Works in Predictive Maintenance of Centrifugal Pumps

Centrifugal pumps serve as critical components in fluid transport systems due to their operational simplicity,
structural robustness, and adaptability across diverse applications (Eaton et al., 2022; Ellorde et al., 2021). They
operate by converting mechanical energy from a rotating impeller into hydrodynamic pressure, enabling
efficient fluid movement. However, prolonged operation exposes these pumps to degradation phenomena such
as bearing wear, mechanical seal failure, shaft misalignment, impeller erosion, cavitation, and hydraulic
imbalance. These degradation modes alter the pump’s vibration signatures, thermal characteristics, and overall
mechanical response, making vibration-based monitoring an effective method for capturing early signs of
failure.

Predictive maintenance emerged as a response to the limitations of conventional maintenance practices,
emphasizing real-time monitoring and data-driven prediction of failures. Early PdM approaches relied on
handcrafted features and threshold-based rules, but these methods struggled with complex, nonlinear
degradation patterns (Wang & Zhao, 2022; Winkel et al,, 2023). The introduction of machine learning provided
significant improvements, enabling systems to autonomously learn relationships between sensor data and
health equipment. Classical ML models such as KNN and SVM have been used extensively for fault classification
and condition estimation, but their performance is constrained by their inability to fully capture temporal
dependencies and long-range correlations in time-series degradation data (laousse et al.,, 2023; Sekar, 2025;
Zhang et al,, 2025).

Deep learning approaches have transformed predictive maintenance research by enabling automated feature
extraction and robust temporal modelling. Convolutional neural networks (CNNs) excel at learning spatial
patterns from vibration spectrograms (Hendriks & Dumond, 2021), whereas recurrent neural networks (RNNs),
particularly LSTM, are effective in modeling the sequential relationships that characterize degradation
progression (Xu et al., 2024). Despite the effectiveness of deep learning in related domains, its adoption for
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centrifugal pump RUL prediction remains limited, with few studies offering a comprehensive examination of
pump-specific degradation indicators combined with deep learning-based prognostic modelling.

3. Proposed Predictive Maintenance Framework

The predictive maintenance framework developed in this study, as illustrated in Fig. 1, comprises several
interconnected stages designed to process raw sensor data, extract meaningful indicators, train predictive
models, and deploy these models for real-time use. The framework begins with the acquisition of multi-sensor
actual operational data from the internet (Werth, 2021), which was collected from a centrifugal pump system
operating over a five-month period. Sensor readings were recorded at one-minute intervals, including
measurements of vibration, temperature, flow rate, and system status from 52 channels. This prolonged
monitoring period provided sufficient temporal coverage to capture early degradation, intermediate wear, and
final failure states.

Preprocessing was undertaken to ensure data quality and reliability. Initial inspection revealed missing
values in several channels, with sensor_15 showing almost complete data loss and was therefore removed
entirely. Remaining missing entries were handled using column-wise mean imputation, preserving statistical
consistency without discarding large amounts of data. All numerical features were normalized using min-max
scaling to ensure uniformity and to enhance model convergence in the training phase.

Vibration data were then transformed into ten statistical condition indicators, which served as health-
representative features. These indicators—Root Mean Square (RMS), Kurtosis, Peak-to-Peak amplitude, Shape
Factor, Peak Factor, Impulse Factor, Clearance Factor, Mean Absolute Value, Standard Deviation, and Crest
Factor—provide insight into signal energy, impulsiveness, waveform structure, and variability. These
characteristics correlate directly with mechanical degradation patterns such as bearing wear, cavitation effects,
and rotor imbalance. A temporal examination of these indicators confirmed that they reflected meaningful
degradation behavior throughout the monitoring period.

Three machine learning models were developed and trained to estimate RUL: KNN, SVM, and LSTM. The
dataset was divided into 80% for training and 20% for testing. KNN and SVM models used the extracted
statistical indicators as input features, with hyperparameters optimized to improve prediction accuracy. The
LSTM model employed sequences of historical data to learn temporal dependencies and long-term degradation
trends, leveraging its recurrent architecture to model nonlinear temporal dynamics. Model performance was
evaluated using Mean Absolute Error (MAE), Root Mean Squared Error (RMSE), and the coefficient of
determination (R?).

Mean Absolute Error (MAE):
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where Yo and _’fl are the actual and predicted values of RUL, respectively. Meanwhile, _F! is the mean of actual
values of the RUL.
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Fig. 1 Proposed predictive maintenance framework

4. Results and Discussion

The results of this study provide insight into the degradation patterns of the centrifugal pump and the
performance of the various ML models in predicting RUL. The preprocessing stage effectively eliminated all
missing values, stabilized feature distributions, and ensured that the dataset was suitable for further analysis.
The removal of heavily corrupted sensors and imputation of isolated missing entries preserved the integrity of
the training data while maintaining the physical meaning of the recorded signals. Fig. 2 shows the statistical
summary of the sensor data.

Condition indicators derived from vibration data displayed identifiable degradation trends. RMS and Mean
Absolute Value gradually decreased as the pump approached failure, reflecting diminishing energy transfer and
progressive mechanical deterioration. Conversely, indicators such as Kurtosis, Peak Factor, Impulse Factor, and
Clearance Factor exhibited pronounced spikes indicative of impact events or abrupt structural disturbances.
Standard Deviation (see Fig. 2) showed a progressive increase in variability, consistent with unstable system
behavior during the final degradation phase. These observations align with established mechanical failure
patterns in centrifugal pumps and confirm the suitability of the selected indicators for health modelling.

The comparative evaluation of machine learning models revealed distinct performance differences, as shown
in Table 2. The KNN model exhibited moderate accuracy but struggled with noise sensitivity due to its distance-
based nature. The SVM model achieved improved robustness and stability but lacked the ability to capture long-
term temporal dependencies inherent in the degradation sequence. The LSTM model delivered the best
performance, achieving MAE = 0.0356, RMSE = 0.0064, and R? = 0.9953. Its ability to retain historical
information and model nonlinear temporal patterns contributed to its superior accuracy in predicting RUL.

The LSTM-based RUL prediction curve as shown in Fig. 3 exhibited a smooth decline during early-stage
degradation and a steeper decline near the failure point, closely matching the actual degradation timeline. The
absence of oscillations or irregular prediction behavior indicates strong model generalization and stability. This
confirms the suitability of LSTM for real-world deployment in pump prognostics applications.
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Table 1 Statistical summary of the sensor data

Min

2018-04-01 00:00:00

Median

2018-06-16 11:59:30

Max

2018-08-31 23:59:00

2018-06-16 11:59:30

33.1597 51.6493 56.0330 50.8674
31.6406 44.2274 48.2205 43.7525
2.7980 632.6389 800 590.6739
0 75.5768 99,9999 73.3964
0 44,2913 76.1069 41.4703
0 45.3631 60 41.9183
0 32.5158 45 29.1370
0 2.9298 31.1876 7.0789
32.4096 420.1062 500 376.8600
0 665.6724 878.9179 590.8298
0 399.3670 448.9079 360.8052
95.5277 879.6976 1.1075e+03 796.2259
0 981.9250 1.2276e+03 922.6093
0 625.8735 1000 556.2354
43.1548 861.8696 1.2144e+03 786.4118
0 494.4684 2000 501.5066
4.3193 967.2799 1.8411e+03 851.6903
23.9583 917.7083 1800 863.3231
6.4606 512.2717 1.5786e+03 486.4060
54.8824 226.3560 425.5498 234.9718
0 473.3493 694.4791 427.1298
2.2610 709.6680 984.0607 593.0339
0 €4.2955 174.9012 60.7874
24.4792 49.4792 417.7083 49.6559
19.2708 35.4167 547.9166 36.6104
23.4375 66.4062 512.7604 €8.8445
20.8333 34.8958 420.3125 35.3651
3.5 Health Indicator: A9 StdDev
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Fig. 2 Standard deviation of the vibration data
Table 2 Model performance for RUL prediction
Metric KNN LST™M SVM
Mean Absolute Error 0.0411 0.0356 0.0916
(MAE)
Root Mean Squared 0.0078 0.0064 0.0147
Error (RMSE)
Coefficient of 0.9942 0.9953 0.9892
Determination (R?)
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Fig. 3 LSTM-based RUL prediction over time

5. Conclusion and Future Work

This study presented a comprehensive machine-learning-based framework for the predictive maintenance of
centrifugal water pumps. Through multi-sensor data acquisition, rigorous preprocessing, extraction of ten
statistical condition indicators, and the development of three regression models, the research established a
systematic approach to predicting Remaining Useful Life. The statistical indicators successfully captured
degradation behavior, and the LSTM model provided the most accurate and reliable predictions, outperforming
classical methods such as KNN and SVM.

Future research may explore the integration of frequency-domain and time-frequency indicators derived
from Fourier and wavelet transforms to enhance feature richness. Hybrid deep learning architectures, including
CNN-LSTM combinations and transformer-based models, may further improve prognostic accuracy. Real-time
IoT-based deployment of edge devices could facilitate continuous monitoring with minimal latency. Additional
studies examining multiple pump types and operating conditions would strengthen generalizability. Coupling
RUL prediction with maintenance optimization algorithms could provide enterprise-level decision support.
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