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RELIABILITY ASSESSMENT AND FAILURE PREDICTION
OF SUBMERSIBLE PUMPS USING ADVANCED MODELING TECHNIQUES

Bautina M. Reliability Assessment and Failure Prediction of Submersible Pumps Using Advanced Modeling
Techniques. The article examines modern approaches to predictive maintenance of submersible pumps using artificial
intelligence algorithms and loT sensors. The study's relevance is determined by the need to improve the reliability of pump
equipment and optimize maintenance costs. It has been established that the main challenges include high infrastructure
modernization costs, the complexity of adapting algorithms to variable data streams, and the need for qualified personnel to
operate the monitoring system. The study's purpose is to develop recommendations for integrating predictive maintenance
systems to reduce unplanned downtime and optimize maintenance costs. The article employs methods of comparative analysis
of predictive model efficiency and investigates the impact of key parameters, such as pressure, temperature, and vibration, on
real-time equipment condition prediction. The results demonstrated that the proposed model based on recurrent neural networks
outperforms traditional approaches across all key metrics, particularly regarding precision and recall. The study concludes that
a phased implementation of pilot projects is necessary to adapt the system to industrial conditions and ensure continuous
monitoring. The prospects for further research include the development of adaptive models capable of working with incomplete
data and enhancing the autonomy of maintenance systems through self-learning algorithms, which will contribute to the stable
operation of pump systems under complex operating conditions.

Keywords: predictive maintenance, submersible pump analysis, advanced modeling, failure diagnostics, reliability
engineering.

Bayrina M.B. Ouinka HajiiiHocTi Ta MPOrHo3yBaHHs BiIMOB 3arJIMOHMX HACOCIB 32 J1I0IOMOIOI0 NepeI0BHX
METO/iB MOJEJIIOBAHHS. Y CTaTTi JOCIIPKEHO CyJacHI MiIXOIH O HPOTHO3YIOYOT0 0OCIYrOBYBaHHS 3ariIMOHUX HACOCIB i3
BUKOPUCTaHHSIM alTOPUTMIB INTYYHOro iHTeNnekTy Ta l0T-ceHCOpiB. AKTyaJbHICTH POOOTH 3yMOBJIE€Ha HEOOXIIHICTIO
MiIBUIICHHS HAIIHOCTI HACOCHOTO OOJIaTHAHHS Ta ONTUMI3allii BUTPAT Ha HOTO TeXHIYHE 0O0CIYroByBaHHS. BcTaHOBIEHO,
10 OCHOBHUMH TpOOJeMaMy € BHCOKI BHTPaTH Ha MOJIEpHi3allif0 iHPPACTPYKTYpH, CKIAIHICTh aJanTarii aJropuTMIiB 10
3MIHHHAX IOTOKOBHX JaHUX Ta MoTpeda y KBamihikoBaHOMY HMEpCOHANi A1 POOOTH i3 CHCTEMOIO MOHITOpHHIY. MeToro
JOCITIKEHHS € PO3pO0Ka peKOMEHAAIiH 00 1HTEeTpallil CHCTEM MPOTHO3YI0UOro 00CITYrOByBaHHS [UISl 3HIDKEHHS KUTBKOCTI
aBapifHUX TMPOCTOIB 1 ONTHMIi3alii BUTpAaT Ha OOCIYyroByBaHHS. Y CTAaTTi BUKOPHCTAHO METOIH IOPIBHAIBHOTO aHANI3Y
e(eKTHBHOCTI MOJENeH MPOTHO3yBaHHs, a TAaKOX MOCHIIPKEHHS BIUIMBY 3MiH KIIOYOBHX MApaMETpPiB, TaKHX SK THCK,
TeMIiepaTypa Ta BiOpalis, Ha MPOTHO3YBaHHS TEXHIYHOTO CTaHy HACOCIB y pealbHOMY 4aci. Pesymprat mokasanu, o
3aIpONOHOBAHA MOJIENIb HA OCHOBI PEKYPEHTHHX HEHPOHHUX MEpeX MepeBeplIye TpaauLiiiHi MiIX0oau 3a BciMa KIIOYOBHUMHI
MOKa3HMKaMH, 30KpeMa 3a TOYHICTIO Ta IOBHOTOI. 3p00JIEHO BHCHOBOK MPO HEOOXIAHICTH ITOETAIHOTO BIPOBAJHKEHHS
MUIOTHUX MPOEKTIB JUIS aIaNTalii CHCTEMH /10 BUPOOHMYHX YMOB i 3a0e31e4eHHs Oe3repepBHOr0 MOHITOPHUHTY. [lepciekTrBr
MOAANBIINX JOCTIIKEHb BKIIIOYAIOTh PO3POOKY aTaNTHBHUX MOJIeneil Ui poOOTH 3 HEIOBHUMH JIAHUMH, @ TAKOXK ITiABUILICHHS
AaBTOHOMHOCTI CHCTEM OOCITYrOBYBaHHS Uepe3 caMOHaBYaHHS Mojeneil. Lle cipustiMe cTabinpHI poOOTi HACOCHUX CHCTEM
y CKJIaJIHUX eKCIUTyaTallifHuX YMOBax.

Kaiouosi ciioBa: mporrosyrode o0CIyroByBaHHs, aHaNi3 3arIMOHUX HACOCIB, IIEPEIOBE MOJCIIOBAHHS, JialrHOCTHKA
BiZIMOB, iH)KE€HEpisl HATIHHOCTI.

Problem statement. In modern industrial systems, submersible pumps play a key role in ensuring
the continuity of technological processes, but their failure can lead to significant financial losses and
business interruptions. Traditional maintenance approaches based on fixed inspection intervals are often
ineffective because they do not consider the dynamics of changes in operating parameters and early warning
signs. This creates the need to implement innovative predictive maintenance systems that promptly predict
possible failures and prevent emergencies.

Integrating artificial intelligence algorithms and 10T sensors opens up new opportunities for real-
time monitoring and diagnosing submersible pump conditions. High-precision machine learning algorithms
allow for analyzing large amounts of sensor data and identifying hidden patterns that signal potential
equipment failures. Using metrics such as precision, recall, F1-measure, and root mean square error allows
you to evaluate the effectiveness of models and adjust them to achieve greater accuracy of predictions in
specific operating conditions. Custom algorithm modifications can be used to improve the efficiency of
forecasts, considering the peculiarities of pump operation, load fluctuations, and possible delays in data
transmission from IoT sensors.

The practical significance of such research lies in creating effective systems for automated
forecasting of equipment technical conditions. This minimizes downtime, reduces the cost of unscheduled
repairs, and increases the overall productivity of production processes. This provides business benefits in
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the form of increased resource management efficiency, reduced accident risks, and an adaptive maintenance
strategy based on real-world data on equipment conditions.

Analysis of the latest research and publications. Assessing the reliability and predicting failures
of submersible pumps is one of the key issues in ensuring the smooth operation of pumping stations.
Modern research is focused on the implementation of machine learning algorithms and the use of 10T
sensors to analyze the technical condition of equipment and improve the efficiency of its maintenance. The
study of methods for predicting failures of electric submersible pumps demonstrate the prospects of using
modern approaches based on artificial intelligence. In, R. Abdalla, H. Samara, N. Perozo, C. Paz Carvajal,
and P. Jaeger proved that the use of machine learning can reduce the number of emergency shutdowns
through effective real-time anomaly analysis [1]. S. Almazrouei, F. Dweiri, R. Aydin, et al. reviewed
existing models for predictive pump maintenance and emphasized the need to standardize methods for
processing large amounts of streaming data [2].

An important area of research is the use of multimodal methods and transfer learning for real-time
fault diagnosis. P. Yang, J. Chen, L. Wu, and S. Li proposed an approach based on the integration of
different types of learning that improves the accuracy of predictions in variable conditions [3]. P.
Bhattacharjee applied the method of multinomial logistic regression to quantify the risk of pump component
failures, which minimizes false signals of the diagnostic system [4].

Deep learning models also demonstrate a high level of efficiency in forecasting. J. Chen, W. Li, P.
Yang, S. Li, and B. Chen developed a three-stage diagnostic model that combines deep learning and support
vector machine methods and demonstrates a high level of accuracy [5]. The study by S. Saptadi, A. Widodo,
M. F. Athaillah, and M. F. Ayyasyi presented the use of recurrent neural networks, which provided a
prediction accuracy of more than 90% [6].

The study of pump failure mechanisms requires the development of additional measures to
minimize failures. The paper by S. Fakher, A. Khlaifat, and M.E. Hossain provides an overview of the
causes of failures of electric submersible pumps and suggests ways to prevent them [7]. Hybrid models
combining physical parameters and machine learning algorithms are promising for improving diagnostic
accuracy. S. Al-Ballam, H. Karami, and D. Devegowda proposed a hybrid model for real-time fault
prediction [8].

A separate area of research concerns the impact of design parameters on pump reliability. In the
work of V. Kannaujia, S. P. Bhore and H. S. Goyal analyzed the factors affecting the performance of
pumping equipment and emphasized the importance of standardizing experimental modeling methods [9].

An in-depth analysis of the practical aspects of pump maintenance is presented in the monograph
by G. Takacs, which discusses the technical characteristics, operating modes and measures to improve the
reliability of pumping units [10].

Promising approaches to the diagnosis of hydraulic pumps are considered in the study by Y. Yang,
L. Ding, J. Xiao, G. Fang, and J. Li, where the use of artificial intelligence for real-time signal processing
can significantly improve the accuracy of forecasting [11]. Methods of adaptive adjustment of forecasting
systems are presented in the article by Q. Li, K. Li, X. Gao, J. Fu, and L. Zhang, who proposed temporal
attention networks to improve the accuracy of anomaly detection [12].

Intelligent systems for diagnosing malfunctions of drilling pumps were studied by J. Guo, Y. Yang,
H. Li, L. Dai, and B. Huang, who described a parallel neural network architecture that can be adapted for
electric submersible pumps [13]. A deep belief network methodology for predicting the operating modes
of pumping units was proposed by D. Yu and H. Zhang [14]. The use of machine learning algorithms to
improve the accuracy of predicting pumping station modes was investigated by O. Turchyn [15].

Thus, the analysis confirms that the prospects for research are related to the development of
adaptive algorithms and hybrid models to improve the reliability and autonomy of predictive maintenance
systems.

Highlighting previously unsolved parts of the problem. Despite significant advances in
predicting the technical condition of pumps, aspects still require further research. First, the effectiveness of
artificial intelligence algorithms in the face of variable and incomplete streaming data, critical for real-time
systems, has not been sufficiently studied. Data loss or noise signals can affect the quality of forecasting
and increase the number of false positives.

Second, the optimal set of 10T sensors and their configuration must be determined to improve
diagnostic accuracy. The lack of empirical research on the combination of several types of sensors limits
the ability to adapt systems to different operating environments.
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Thirdly, the issue of creating models capable of automatic retraining without losing efficiency
remains relevant. Most modern methods require manual intervention to adjust models to changing
conditions, which reduces data processing efficiency.

The proposed study aims to overcome these limitations by developing adaptive algorithms for
dealing with unstable data, conducting a comprehensive assessment of forecast effectiveness, and
developing practical recommendations for the passed integration of systems into business processes to
reduce downtime and optimize maintenance.

The purpose of the article is to develop an effective approach to assessing the reliability and
predicting failures of submersible pumps using artificial intelligence algorithms and 10T technologies to
improve maintenance efficiency.

Obijectives of the article:

1. To investigate modern artificial intelligence algorithms used to analyze and predict technical
failures, determine their suitability for monitoring the condition of submersible pumps, and establish key
parameters of 10T sensors with an assessment of their role in modeling the behavior of pumping equipment.

2. To propose a modified methodology for analyzing streaming data that takes into account the
specifics of operating conditions and the characteristics of variable parameters and to conduct a comparative
assessment of the effectiveness of this methodology based on key forecasting metrics such as precision,
recall, F1-score, and root mean square error.

3. Provide practical recommendations for integrating loT-based predictive maintenance systems
and artificial intelligence algorithms into business processes to minimize downtime and reduce maintenance
costs.

Summary of the primary material. Using artificial intelligence algorithms in equipment
maintenance allows for the prompt prediction of failures and detection of malfunctions. Machine learning
algorithms are particularly effective in monitoring the condition of submersible pumps, as they can process
large amounts of streaming data and identify hidden patterns in changes in key equipment parameters. The
choice of algorithms largely depends on the type of task: logistic regression algorithms, support vector
machines, and decision trees are used to classify system states, while recurrent neural networks and gradient
boosting methods are effective for predicting the remaining service life. In modern industrial systems,
submersible pumps can operate under conditions of uneven loads and changes in external factors, which
requires the adaptability of algorithms and the ability to work with incomplete data and anomalies (Table
1).

Table 1 — Artificial intelligence algorithms for monitoring the condition of submersible pumps:
purpose and application features

Artificial intelligence Appointment Application features for monitoring submersible pumps
algorithm
Logistic regression Classification of states (“good”/ | A simple algorithm for working with a small number of
“possible failure”) parameters, but has limitations in complex
multidimensional systems.
Support vector machine Detecting boundary values It is effective when working with non-linear data, but
(SVM) between classes may require significant computing resources for large
datasets.
Decision trees and gradient Failure prediction and Provide a high level of interpretability of results,
boosting probability estimation especially useful for working with mixed data types.
Recurrent neural networks Predicting time to failure They are able to work with consistent data and take into
(RNN, LSTM) account historical dependencies, but require considerable
training time.

Source: compiled by the author based on [2; 4; 5; 7; 9; 12].

In practice, logistic regression is used to assess equipment condition and identify initial risks. It is
effective in cases where the amount of data is relatively small, and the system parameters are stable. For
more complex tasks that involve analyzing fluctuations in pump operation in real-time, support vector
methods are used to identify critical changes in equipment operation even in the presence of abnormal
values. Gradient boosting and decision trees are widely used to build risk assessment models and predict
time to failure, as they balance forecast accuracy with the explainability of the results.

Recurrent neural networks show high efficiency in systems where it is necessary to analyze long-
time series, for example, to determine changes in pressure or vibration of pumps in long-term operation
mode [6]. Their implementation is possible in industrial enterprises where 10T sensors with a high data
collection frequency are installed. For example, in the case of pump monitoring at large production
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facilities, RNN systems can predict potential failures several days before they occur, allowing maintenance
planning without stopping the main processes. Using such algorithms in combination with 10T technologies
ensures an increase in safety, a reduction in the cost of emergency repairs, and the formation of a
maintenance strategy based on data on the actual condition of the equipment [14].

Integrating 10T sensors into submersible pump monitoring systems allows for the continuous
collection of a large amount of data reflecting the dynamics of equipment operation. The main parameters
monitored by the sensors include pressure, temperature, vibration level, power consumption, and fluid flow.
These parameters are key indicators of pump health and can signal early warning signs of malfunctions,
allowing artificial intelligence algorithms to model equipment behavior and predict potential failures. For
the models to function effectively, it is important to ensure high accuracy and stability of sensor data
reading, achieved by calibrating the equipment and using data transfer protocols with minimal delay (Table
2).

Table 2 — Main parameters of 10T sensors and their role in modeling the behavior of submersible
pumps

10T sensor parameter Purpose in monitoring Role in modeling the behavior of pumping
equipment
Pressure Detection of deviations from the Allows you to detect signs of blockage or
normative level performance degradation.
Temperature. Heating control of working units It is used to assess possible overheating that can
cause damage.
Vibration level Detection of mechanical defects | It helps to identify imbalances, bearing wear, or other
mechanical problems.

Electricity consumption Analysis of pump efficiency A decrease or increase in energy consumption signals
problems in the system's functioning.

Liquid flow rate Determining system performance | Itis used to assess the compliance of a flow rate with
the declared technical characteristics.

Source: compiled by the author based on [3; 5; 7; 8; 12; 15].

The data obtained from 10T sensors form the basis for building mathematical models for predicting
the behavior of pumping equipment and making informed maintenance decisions. Each parameter is crucial
for diagnosing pump operation and identifying potential threats to its performance. In particular, pressure
readings allow you to assess the hydrodynamic characteristics of the system and timely detect blockages or
performance drops that may indicate a violation of the integrity of the channels or malfunctioning valves.
The temperature of the working units is a critical parameter for monitoring the thermal regime since even
a slight excess of the permissible values can cause gradual destruction of the pump’s internal components
and reduce its service life.

Vibration level monitoring provides diagnostics of mechanical defects, such as bearing imbalance
or wear. This indicator is one of the most sensitive to changes in the operation of pumping equipment, as
deviations from the normal level can result from even small changes in the geometry of working elements
or the loosening of fasteners. Analyzing electricity consumption allows you to assess the pump's energy
efficiency and detect deviations associated with an increase in load or a decrease in motor efficiency in a
timely manner. Fluid flow rate, in turn, is a key parameter for assessing system performance and allows
you to determine the actual volume of transported working medium compared to the nominal characteristics
of the equipment.

In practice, combining data from different sensors provides a comprehensive picture of the
submersible pump's operation, increasing the accuracy of prediction models and reducing false-positive
alarms. For example, in production systems with a large volume of liquid handling, a prolonged temperature
rise with normal vibration levels may indicate a blockage in the filter systems rather than a mechanical
failure of the pump. Such monitoring systems are implemented at enterprises to minimize the risk of
downtime and optimize maintenance costs, which ensures the stability of equipment operation and efficient
use of resources.

To effectively predict the condition of submersible pumps in complex operating conditions, it is
necessary to take into account the peculiarities of streaming data, which may be irregular, contain noise
components, and deviations from the norm due to random events. Existing analysis methods are often based
on static models that do not adapt to changing operating conditions, which reduces the accuracy of real-
time predictions. The proposed modified methodology involves the integration of adaptive machine
learning algorithms capable of processing large amounts of data in real-time and taking into account
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dynamic changes in operating parameters. It is based on the use of recurrent neural networks (RNNs) and
their modifications, such as LSTM and GRU, which allow information about previous system states to be
stored, and behavior can be predicted based on historical dependencies.

Unlike traditional models based on average parameter values, the modified methodology focuses
on predicting both pump failures as a binary phenomenon (failure/normal operation) and specific
quantitative indicators such as pressure, temperature, vibration, and electricity consumption. This ensures
clarity in the application of evaluation metrics: precision, recall, and F1-score for binary classification tasks,
and MSE and MAE for regression tasks. For example, the average absolute value of the difference between
forecasts and actual values (MAE) specifically refers to quantitative predictions like temperature or
vibration levels, avoiding ambiguity in interpreting results.

The methodology involves a multi-level preprocessing stage to ensure the quality and reliability of
input data. This includes handling missing data, applying Kalman filtering to reduce noise, and normalizing
parameter values for consistent model training. These preprocessing steps are essential for addressing
common issues in real-world 10T sensor streams, such as data gaps and noisy measurements, which could
otherwise affect prediction accuracy (Table 3).

Figure 1 illustrates the historical vibration data of two submersible pumps collected over a 24-hour
period. The graph demonstrates the fluctuations in vibration levels captured by IoT sensors, showcasing
both short-term variations and consistent trends. This visualization highlights the variability in operational
conditions and the importance of accounting for such fluctuations in predictive maintenance models.
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Fig. 1. Historical vibration data of submersible pumps
Source: author's own development

As shown in Figure 1, the vibration levels of both pumps exhibit periodic fluctuations due to normal
operational dynamics, with Pump 2 displaying slightly higher baseline vibrations. The ability to analyze
and predict such patterns allows the proposed model to distinguish between minor operational variations
and critical deviations that could signal impending failures. By incorporating these historical trends into
model training, the methodology ensures higher accuracy in predicting both pump failures and quantitative
performance metrics.
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Table 3 — Elements of a modified methodology for analyzing streaming data for monitoring
submersible pumps

Element of the methodology Description of functionality Expected results of the
application
Preliminary data filtering Reducing noise and eliminating Increase the accuracy of system
anomalous values parameter analysis
Using modified RNNs Forecasting based on time series Improving forecasts by taking
(LSTM/GRU) into account historical changes
Adaptive model training Retraining based on new data Increasing the relevance of the
model in the face of change
Evaluation Using Targeted Metrics Separate evaluation for predicting Objective assessment of
pump failures (F1-score, Recall) and | forecast quality in real time
pump parameters (MSE, MAE)

Source: author's own development

The proposed modified methodology for analyzing streaming data is designed to enhance the
accuracy of failure predictions and improve the monitoring system by addressing the unique characteristics
of submersible pump operation. The use of recurrent neural networks (RNNs), including LSTM and GRU
modifications, allows the system to effectively process sequential time series and identify relationships
between variable parameters. Unlike traditional statistical methods that rely on fixed analysis intervals and
averages, this methodology accounts for both short-term fluctuations and long-term changes, providing
more precise detection of potential malfunctions.

The multi-stage data processing framework begins with cleaning noise and anomalous values that
may result from sensor faults or external disturbances. This reduces false-positive signals, which is critical
for ensuring uninterrupted operation in demanding industrial environments. Adaptive training of the RNN
models ensures that the system can adjust to new conditions without requiring manual intervention, making
it particularly effective for high-volume streaming data scenarios.

In practical applications, this methodology enables real-time assessment of equipment conditions.
For example, if vibration levels rise significantly, the system analyzes related parameters such as
temperature and pressure to identify whether the deviation results from mechanical failure, hydraulic
blockage, or a temporary overload. This multi-factor approach distinguishes between minor fluctuations
that require no action and critical changes indicating a risk of failure.

Implementation of this methodology in industrial facilities has demonstrated a significant reduction
in emergency equipment shutdowns by enabling early detection of system deviations and preventing critical
malfunctions. By analyzing complex relationships between key parameters, the system minimizes
unnecessary shutdowns caused by false-positive signals and ensures stable operation even under high load
conditions.

This approach supports condition-based maintenance strategies, reducing downtime and operating
costs while extending the lifespan of equipment. It ensures the efficient use of resources and the smooth
operation of critical processes, offering businesses a significant advantage in reliability and operational
efficiency.

To evaluate the effectiveness of the proposed forecasting model, an experiment was conducted
using data collected over one year from three production facilities with high operational loads. The primary
goal was to predict pump failures as a binary phenomenon (failure/normal operation) and to assess key
parameters such as pressure, temperature, vibration, and electricity consumption. This approach allowed a
clear distinction between classification tasks (binary prediction) and regression tasks (continuous parameter
prediction), avoiding ambiguity in evaluation metrics.

Two groups of models were analyzed: the proposed model based on modified recurrent neural
networks (RNNs) and traditional statistical models, including standalone decision trees, Random Forest,
and Gradient Boosting. All models were compared using the following key metrics: precision, recall, and
F1-score for classification tasks, and mean absolute error (MAE) and mean squared error (MSE) for
regression tasks.

Table 4 presents the results of the comparative evaluation of model efficiency for predicting the
technical condition of pumps, highlighting the strengths of the proposed approach for each parameter.
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Table 4 — Results of comparative evaluation of the efficiency of the proposed model for predicting
the technical condition of submersible pumps

Performance Description Parameter Proposed Model Traditional Model
Evaluation Metric Results Results
Precision Proportion of Failure prediction 90% 85%
correct forecasts
among all forecasts
Recall Ability of the Failure prediction 88% 78%
model to correctly
detect actual
failures
F1-Score Balance between Failure prediction 89% 80%
precision and recall
Mean Absolute Average absolute Pressure 0.03 0.08
Error (MAE) difference between
predictions and
actual values
Temperature 0.02 0.07
Vibration 0.04 0.09
Electricity 0.01 0.05
consumption
Mean Squared Average squared Pressure 0.05 0.12
Error (MSE) difference between
predictions and
actual values
Temperature 0.04 0.10
Vibration 0.06 0.14
Electricity 0.03 0.08
consumption

Source: author's own development

The results demonstrate that the proposed model significantly outperformed traditional methods
across all key metrics. Specifically, the high precision (90%) indicates the model's ability to correctly
identify true positives while minimizing false positives. The recall (88%) highlights its capability to identify
a high proportion of actual faults, reducing emergency shutdown risks and ensuring uninterrupted
operation.

The separate analysis of parameters (pressure, temperature, vibration, and electricity consumption)
shows that the proposed model achieves substantially lower mean absolute error (MAE) and mean squared
error (MSE) compared to traditional methods. For instance, the prediction of temperature is characterized
by the lowest MAE (0.02) and MSE (0.04), demonstrating the model's high precision in this category.

This detailed evaluation approach clarifies the strengths of the proposed model in handling each
parameter effectively, enabling improved maintenance planning. In comparison, traditional methods exhibit
higher errors and struggle with incorporating historical dependencies, which are critical for accurate
predictions in real-time industrial environments.

One of the main challenges of implementing predictive maintenance systems is the high cost of
modernizing infrastructure and purchasing the necessary equipment. Businesses often face high financial
costs for installing 10T sensors, providing high-bandwidth data transmission channels, and deploying
servers to process large amounts of information in real-time. In addition, existing enterprise information
systems are not always compatible with new technological solutions, which requires additional costs for
software integration and adaptation of information architecture.

Another problem is the difficulty of customizing artificial intelligence algorithms and adapting
them to specific operating conditions. Machine learning algorithms require training on large data sets to
make accurate predictions. However, this data may be uneven or contain gaps due to technical failures in
the operation of sensors [2].

This can affect the quality of the model and increase the number of false-positive or false-negative
fault signals, which complicates the operation of the monitoring system. It is also important to take into
account that the operating conditions of pumping equipment can change due to changes in the operating
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environment or external factors such as temperature or load level, which requires model flexibility and the
ability to retrain.

Another challenge is the need to train the personnel who will work with the predictive maintenance
system. Sophisticated data processing algorithms and monitoring systems require qualified professionals
who can monitor the system's operation, analyze forecast results, and respond to signals of possible failures
in a timely manner. This requires the implementation of training programs for technical staff and the
involvement of specialists with experience in analytical systems and artificial intelligence algorithms [8].

To solve these problems, the integration of predictive maintenance systems should be carried out
in stages, starting with the implementation of pilot projects at critical nodes of the production system. This
allows you to evaluate the system's effectiveness in real-world conditions and establish the process of data
collection and processing before large-scale implementation. At the initial stage, special attention should
be paid to choosing IoT sensors with a high level of accuracy and stability, as well as setting up data
transmission systems to ensure minimal signal delay.

It is recommended that machine learning models with a regular retraining function be implemented
to adapt algorithms to changing operating conditions and eliminate the impact of unstable data. In addition,
data filtering algorithms should be used to minimize false positives, eliminating random distortions caused
by technical failures or external factors [5]. Particular attention should be paid to the creation of backup
data storage systems to avoid the loss of critical information in the event of failures.

To increase the level of readiness of the enterprise to work with the predictive maintenance system,
it is necessary to implement training programs for technical personnel and conduct regular training on the
use of the system. This will ensure prompt response to system signals and timely maintenance decisions.
Successful integration of the predictive maintenance system will allow the company to move to real data-
driven management strategies, which will increase resource efficiency, reduce the number of emergency
downtime, and ensure the stability of pumping equipment in the long term.

Conclusions and prospects for further research. The study confirmed the effectiveness of
integrating artificial intelligence algorithms and loT sensors for predicting both pump failures as a binary
phenomenon and specific quantitative parameters such as temperature, pressure, vibration, and power
consumption under actual operating conditions. The proposed modified methodology for analyzing
streaming data demonstrated significantly higher prediction accuracy compared to traditional methods due
to its use of adaptive recurrent neural network (RNN) models and advanced data pre-filtering algorithms.
By accounting for both short-term fluctuations and long-term trends, the methodology provides a
comprehensive approach to assessing pump conditions.

Key results include a substantial reduction in false-positive signals, which minimizes unnecessary
equipment shutdowns, and improved detection of actual failures, ensuring prompt and reliable maintenance
interventions. These outcomes were achieved by leveraging multifactor models that incorporate the most
critical parameters affecting pump performance. This capability allows for condition-based maintenance
strategies, reducing emergency downtime and optimizing operational costs.

However, the implementation of predictive maintenance systems is not without challenges. High
costs associated with infrastructure modernization, 10T sensor integration, and the configuration of
algorithms to handle variable streaming data remain significant barriers. The need for skilled personnel to
operate these systems and the incompatibility of existing information architectures with modern loT
solutions further complicate adoption.

To overcome these obstacles, phased integration is recommended, starting with pilot projects in
critical areas to test and adapt algorithms to real-world conditions. Regular retraining of models and the
application of filtering algorithms can mitigate the effects of anomalous data and noise. Additionally,
ensuring reliable data transmission channels with minimal latency and implementing backup storage
systems are essential for preventing data loss and maintaining system integrity.

Future research should focus on optimizing artificial intelligence algorithms for incomplete or
irregular data and developing universal models adaptable to diverse operating conditions. A promising
direction involves creating systems capable of autonomously identifying new failure patterns and updating
forecasting models without manual intervention. This will further enhance the autonomy and reliability of
predictive maintenance systems, ensuring continuous and efficient operation of industrial equipment in
dynamic and complex environments.
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