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Submersible pumps play a vital role in diverse industrial applications, ranging from water 

supply to the transfer of hazardous chemicals. Their classification, traditionally based on 

operational and design characteristics, often faces limitations in precision and adaptability. 

This study explores the integration of artificial intelligence (AI) and machine learning (ML) 

to enhance the classification and optimization of submersible pumps. Utilizing datasets of 

pump parameters, advanced ML algorithms like Random Forest and Support Vector 

Machines were applied, achieving significant improvements in prediction accuracy. 

Experimental results highlight the inverse relationship between flow rate and head, as well 

as the impact of pump diameter on performance. The research underscores the potential of 

smart systems in creating adaptive, data-driven classification models that surpass traditional 
methods. Future work involves refining algorithms, expanding datasets, and incorporating 

real-time decision-making systems to address dynamic operational challenges. This 

approach offers a promising direction for improving the efficiency and reliability of 

submersible pump systems in modern engineering.  
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I. INTRODUCTION 

This Submersible pumps are the most common type of machines used in our industrial life. These machines run on a very 

fundamental transport mechanism based on the increase of the velocity of the medium. This increased velocity creates a submersible 

force, enabling the conveying of the medium to the discharge point. In other words, they help transport a liquid by adding a submersible 

force metric to elevate the liquid. Since viscosity does not play a significant role in the rejection of the liquid flow, they are usually used 

for non-viscous liquids and gas [1]. Even though their name refers to a submersible mechanism, their function is mostly associated with 
speed and velocity, fields of fluid mechanics.  

The liquid acceleration and discarding according to this are performed in a continuously varying field of slow decreases, which 

is due to an increase in the volume of uniformly growing radial streams surrounding the eye of the impeller into the pointed weak 

submersible force. This produces rising effects converting with height [2], [3]. In this modern life, submersible pumps are used in a 

wide area of applications, ranging from small houses that utilize water supply to industrial applications for pumping hazardous and 

aggressive chemicals. Their basic structure integrates an impeller, either open or radial, directly connected to a motor with a shaft. The 

motion generated from the motor is transmitted to the impeller to rotate it. The fluid coming from the inlet of the pump is conveyed by 

the impeller through the vanes when rotating.  

Submersible force is imparted to the fluid by the impeller to send it at its outside rim to achieve the pump’s offering. In addition 

to the impeller section, a volute is mounted to receive the high-speed fluid from the impeller and to convert it to an almost static 

column. These components have a crucial role in pump performance. Therefore, understanding the behavior of these pumps is of 

practical importance in modern engineering. [4], [5]. This study focuses on the important role of submersible pumps in various 

industries and highlights the growing application of intelligent systems in their classification. Traditional classification methods used to 

select pumps, although important, often lack precision and adaptability.  



 
 
 

 

ITEGAM-JETIA, Manaus, v.12 n.58, p. 235-241, March/ April, 2026. 

 

 

With artificial intelligence and machine learning to be introduced as an effective means of classifying submersible pumps, this 

work demonstrates the effectiveness of applying machine learning algorithms such as Random Forest to optimize pump classification 

and performance prediction. 

II. LITERATURE REVIEW AND APPLICATIONS 

It should be noted that among the successful cases where smart classification methodologies have been applied in several 

submersible pump applications. These case studies are reported as learned lessons while pursuing the development of efficiency-based 

decision-making in submersible pump classification systems, facilitating decision-making support for the classification of new designs 

and aiding the enhancement of existing pumps-in-series techniques used in the industry. Together, these cases illustrate the breadth of 

the application domain and suggest potential areas for future extension of work. This structural guidance has come from technology 

developers who have been characterized, tested, and verified with their techniques. These verification activities have been incorporated 
using a software system, service, or product in a manner that is likely to support commercialization or other applications of the system 

[6]. 

From small pumps moving water to large compressors and blowers, artificial intelligence with machine learning is proving 

effective for the automatic classification of submersible pumps [7]. One important conclusion from this case-based study is the need for 

AI techniques employing strong mathematical foundations and true machine learning, due to the fact that theoretical hydraulic 

limitations define the pump parameters, limiting and reducing the searches at the feature selection stage, while providing great 

accuracy. This work shows the growing research in submersible pump classification systems such as pumps-in-series/in-parallel using 

new approaches and models, often AI and machine learning, with varying result accuracies. Decision trees have enjoyed great success 

in the classification stage, further boosting the efficiency of the case-based reasoning system, having demonstrated practical application, 

now forming a decision support model for pump series classification rules in the industrial user community.  

In this study, we numerically and successfully used 47, 342, and 417 pumps in running the case-based reasoning system for 

standard and non-standard testing cases [8]. We illustrate a non-standard series classification that would have required approximately 

2500 experiments, where energy savings and operational differences would have also gone unnoticed. We have also presented several 

case-based reasoning operational and design-based case studies in which the case-based reasoning system could be used. Although 

there is much to advance, the use of mathematics, AI, and machine learning has brought about many lessons learned, providing a good 

starting point for this complex application. In the future, a better understanding of these and other AI techniques could be combined 

and, with the assistance of an industrial expert, further developed in a SaaS, apps, and API [9].  
The other most commonly notable techniques included: pumps/in-series/in-parallel, system head loss, system dynamics and 

pressure, general gradient flow curve nadir, industrially derived, static and dynamic, similarity metrics, data and ontologies, non-

dimensional and affinity laws, complementarity, similarity, and variability, experimental and test cases. In general, our focus has been 

on smart classification using case-based reasoning approaches [10], [11]. Submersible pumps convert rotational energy from electric or 

combustion motors into the mechanical movement of a fluid. The energy is attached to the fluid dynamics of the pump. A submersible 

pump contains a number of key components [12]. First, an impeller increases the speed of the fluid. Following the impeller, the rotating 

fluid is decelerated in a restrictive volute [3]. 

Additional diffusers are used in multi-stage pumps to further decelerate the fluid and convert more of the now kinetic energy into 

pressure.Finally, the pump flange has a personnel door in the centre to access the wear rings, mechanical seal, and sealing system 

cooling liquid inlet and outlet ports. The physics of the flow dictates that pumps operate at an intersection between flow and pressure. 

However, the pump can be configured as a fluid jet that imparts high velocity to the fluid, in the case of mixed flow and axial flow 

pumps. This gives the pump some flexibility as to where the intersection can take place [13], [14]. In terms of fluid flow and pump 

design (Figure1), it is generally deemed beneficial to increase the flow rate through the pump with minimal losses at the intersection of 

flow and pressure. In plumbing and turbine applications, the intersection of pressure and flow is crucial.  

In general, the pump should maintain the energy from the fluid jet and carry it to the outlet. For optimal energy transfer from 

motor to fluid and improved design, this generally means as high a flow as possible while still considering pressure requirements and 

limitations. This is especially true of high-pressure systems with frequent tight bends, such as in the cooling loop of a nuclear core. 
Energy losses will generate even more heat, and fluid can even heat up enough to boil, potentially causing rapid vapor generation and a 

series of undesirable events. Therefore, using the absolute minimum flow necessary for a given pressure is beneficial because any 

additional flow causes a loss at the intersection of the pump.[15], [16]. 

 
Figure 1: Typical characteristic curves of submersible pump. 

Source: [17]. 
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Pump impeller and volute designs take a range of needs into account, including allowed manufacturing costs, flow rate, fluid 

viscosity, power available, and the necessary lift. A variety of fluid dynamics terms are crucial to describe the flow of a pump. Most 
important are the flow capacity, expressed in the dimensions of volume per minute or volume per hour, and the pressure head. Flow 

capacity is a measure of the discharge of a pump and determines the pump’s industrial classification. The efficiency of the pump 

describes the effectiveness of the pump in compressing the fluid. The actual efficiency of the pump is easy to determine, but the highest 

efficiency may arise at a flow rate that yields insufficient pressure.  

Flow rate is often hidden as a parameter to approximate efficiency pump performance [18]. Thus, a working and correctly 

classified pump may have a performance curve in better agreement with another classification. Furthermore, the largest problem arises 

for volumetric and hydraulic loss coefficients when the pump characteristics are fitted directly, but the pump can be classified 

accurately without any knowledge of the classification of the pump or flow routed through a pump. Most importantly, however, an 

incorrectly classified pump system is not efficient and not a good choice. When designing or using pumps, it is crucial to be aware that 

different arrangements of components will function differently at different required flow rates, and different pump systems have a large 

range of range [19]. 

III. MATERIALS AND METHODS 

III.1 TRADITIONAL CLASSIFICATION METHODS 

Submersible pumps are inclusive in nature and fall under the category of submersible separation machinery. They are 

extensively deployed in various industry verticals like chemical plants, petrochemical firms, power plants, oil, and gas production 

segments. These pumps are classified on the basis of certain predefined conditions such as external design standards, driver-rotating 

means used, materials used, hydraulic performance within the pump casing, liquid type to be handled, internal design characteristics, 

operational characteristics, the alignment between pump mechanism and driver, casing type used, and discharge direction followed. 

Based on the design of the impeller and direction of the pump shaft, they are classified as horizontal or conventional pumps, vertical 

pumps, axial, mixed, straight, single suction, and double suction pumps. Submersible pumps have a long history and have been utilized 

since ancient times.  

The traditional classification of submersible pumps has mainly been centred on operational characteristics, applications in which 

they are to be used, design features, impeller exits, and shaft disposition [20]. Date, studies have categorically investigated different 

forms of classification of submersible pumps. In general, two major types of classifications exist: classification based on the category of 

construction and end suction. Submersible pumps are classified based on the suction-end construction: first, on the basis of hydraulic 

performance within the pump casing, and second, based on the hydraulic relationship in pumps and their systems [21]. These 

classifications provide a detailed level of understanding about commercial pumps and allow for an idea of which types of pumps are 

available in the market. However, these approaches possess some distinct disadvantages since they are only suitable for pumps that use 

standard designs and do not describe pumps built following standard generic designs. 
Another widely used method employs a multi-level classification of submersible pumps based on different viewpoints such as 

type of driver, flow within the impeller, construction, simple or compound suction, and pump speed. Such methods often lead to the 

categorization of submersible pumps with large granularity, irrespective of the number and connectivity used in this approach. They 

exhibit some advantages of being easy to understand and apply in defining the requirements for a new pump, with some disadvantages 

of few categories with different designs being inherently grouped in the same category, besides the regressive characteristic of the 

method. They generally show a limited level of accuracy, which results in difficulty in reuse when components are designed using the 

funnel approach. Frequent growth in the specialization and perfection of pumps has over the years led to the current use of large 

numbers of categories combined to achieve a reasonably wide pump design flow detail.[22], [14]. 

III.2 FRAMEWORK FOR CLASSIFYING SUBMERSIBLE PUMPS 

Impeller Type and Number, Casing Design, Estimated Flow per Casing Pumps are usually designed in several iterative steps, of 

which the first is always the most crucial. During the initial pump design, the most important design aspects, such as impeller type and 

number, casing design, and flow orientation (radial, mixed, or axial), have to be selected. These features determine the subsequent steps 

of the design process as they directly affect pump performance, pump efficiency, and pump size. Even though there are various pump 

classifications, pump geometry is always a feature application. The classification of submersible pumps according to impeller type and 

flow orientation is often based on experience and historical background, describing the development of the pump types themselves. 

Pumps having similar designs make a useful basis for classifications, as it is easier to generalize them among each other and in 

comparisons with other pump designs. Within groups of similar design, comparison with measurements can lead to categorizations of 

designs for use in the pump design software as the pumps produce for similar service levels. 

III.3 OPERATIONAL CONTEXT 

Such classifications often generalize highly varied design features and operational traits and therefore focus upon generalities. 

Applications focused upon operational and design efficiency often consider designs in terms of impeller efficiency alone, or for multi-

stage pumps in terms of impeller casing entries, thereby neglecting suction type and geometric data. Classifications based upon these 

factors also express regional differences, and for overall plant sizes, component isolation has limited relevance. 

The best way to categorize a problem with a pump is to assist in an early evaluation of what aspects of a pump are ensuring its 

lack of suitability for an application. There is no early "one-size-fits-all" approach. Differences between classifications may be minimal 

or irrelevant and of limited use in operational context.  
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III.4 ARTIFICIAL INTELLIGENCE IN PUMP CLASSIFICATION 

Artificial intelligence (AI) has the potential to enhance the classification of submersible pumps significantly. It enables handling 

an extensive amount of data from various application fields, such as design, research, and non-technical applications. AI facilitates the 

classification process with greater reliability and objectivity than traditional methods, which are prone to being influenced by personal 

experiences, and it is employed inconsistently across different experts. An AI-empowered classifier’s initial capability exceeds that of a 

human-centred classifier, while being capable of adapting its decision strategy over time following experts’ feedback or trial-time pump 
operation feedback.  

Discussions of potential research in AI-empowered pump classification include the development of an adjustable, undirected 

classification model that reorganizes itself as new data arrive and continued use of it to enhance pump classification. AI applications in 

classification are further discussed, and two real examples are provided to present the practicability of AI classification for pumps. The 

examples concern the area of engine research with the application of AI-empowered engine knock classification. Instead of using 

machine learning algorithms directly on the pump’s models, applying them on actual pumping engines produces a new trend in 

classifying and characterization.[6], [4].  

AI has the ability to process an extensive amount of data and develop machine learning capabilities. It enhances classifications; 

on some occasions, it is, in practice, better than human classifiers. There are no reported cases of AI employed in pump classification 

other than the initial proposition of the hierarchical classification system. Therefore, by updating and integrating AI mechanisms, a 

pump classification system that follows the trend of a smart system may be developed. Smart systems make decisions based on real-

time data rather than a pre-designed model with a fixed strategy.  

This development totally exchanges the classification methodology from a human expert system to a smart decision-making 

system. The data-driven decision system has many advantages, including reducing uncertainty, complexity, interpretation cost, noise, 

subjectivity, and variability, and would form a consistent, superlative, subjective, adapted, and cooperative system. The superiority of 

the proposed smart system can be easily explained. First, it is better than an expert-based classifier because it is based on historical data 

using intelligent methods. Second, AI is adaptive to a pump’s real performance, for example, changing pump operational conditions, to 
reflect the pump’s actual status more accurately.[2], [23], [24].  

One possible classification of machine learning algorithms is into supervised learning (the output is known for a training set of 

"correct" input-output pairs) and unsupervised learning (only the input is known; the data is unlabeled). Clustering falls between 

supervised and unsupervised classification in such a way that the output of a training set is known, but it does not refer to labeled sets. 

Critics argue that an intelligent system should be able to enter into a dialogue with an operator, thus enabling the human to give 

feedback to the system in order to correct mistakes or errors by providing further training. Thus, a system based solely on unsupervised 

learning techniques is neither possible nor does it meet the general requirements for a smart system.  

Most likely, the most efficient method for such purposes is to use a mix of both supervised and unsupervised learning 

algorithms. The classical approach to classification using belief networks is increasingly being replaced by data-driven learning 

methods. To achieve truly reliable classification results, the quality and quantity of data sets are essential. However, there are learning 

algorithms, like neural networks or fuzzy rule-based systems that can cope even with small and low-quality data sets by using a high 

number of features. [25-27]. The best approach to practical machine learning consists of the following steps and issues: 

- Quality of the training data sets: Missing or irrelevant data may lead to wrong conclusions in the neural network methods. The use 

of collected data from open or commercial databases might bring inconsistencies to the experimentation; hence, it is more efficient to 

use data collected for the specific purpose of the pump classification system. Diagnostic for one class would allow users to Define the 

reasons for the classification decision, thereby enhancing acceptance of the predictions.[28], [29], [21]. 

 - Quantity of data sets: The number of training data sets needed to achieve consistent estimates of classification results is another key 

issue. It is suggested that the size of the data sets should be large enough to ensure that sampling variations associated with the error in 

the data sets are not too large. However, due to the lack of pump performance data for both submersible and positive displacement, a 

small number of various pump models was used to construct the training data sets. 

 - Outlining: Even in well-established practices, the problem-solving strategies used in the analyses are vaguely described alongside the 

constraints associated with the problem description. It is thus important to outline the practical problems to develop an understanding of 

the integration with recent problem-solving tools. 

 - Data pre-processing: Before utilizing the data in a training data set, crucial issues regarding data pre-processing should be 

addressed. The goal of data pre-processing is to improve both the interpretability and the accuracy of the results. One possible but not 

exclusive approach in the data pre-processing stage is the removal of duplicate or error-ridden data and the selection of relevant 

features. Consequently, feature selection will reduce the dimensionality of the data while potentially improving the generalization 

performance of a classifier. Features such as energy efficiency and specific speed are also considered good inputs, exceptions, and 

allowances for the classification; however, the majority of the data that characterize one pump model are common in other pump 

models. Therefore, considering the predictors whose joint values are particularly. 

IV. ANALYSIS STUDY 

IV.1 DATA DESCRIPTION 

To carry out the pump selection process using various machine learning methods, we chose tow Italian brands of pumps - SAER 

and PANELLI -and recorded their technical characteristics, which are as follows: Flow rate Q, Manometric head H=f(Q), Pump 

diameter D, and Efficiency η=f(Q) 
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Table 1: The two brands of pumps used Table. 

D '’ 

PUMP 

4’’ 6’’ 8’’ 10’’ 12’’ 

PANELLI 66 547 547 206 / 

SAER 108 911 / 617 291 

Source: Authors, (2026). 

                    
Figure 2: SAER and PANELLI Pumps. 

Source: Authors, (2026). 

IV.2 DATA PREPROCESSING 

After an in-depth analysis of the pump's characteristics, a graphical representation is proposed to better understand the 

relationships between these parameters.  Next, a correlation matrix calculation was used to evaluate the relationships between the 

numerical columns ("D(’’)", "Q (m3/h)", "H (m)", and "Performance %") to identify significant correlations (see Figure 3). The 

correlation matrix and heat map have been successfully generated, showing the relationships between the variables. Next, we evaluated 

the accuracy of the pump selection process by analyzing the data further. The application of machine learning algorithms begins with 

data pre-processing (e.g. dealing with missing values, normalising features), followed by the implementation of three algorithms: Linear 

Regression, Random Forest and Support Vector Machine (SVM) to predict a target variable. The models were trained and evaluated, 

with Random Forest performing the best (lowest MSE and highest R²), while Support Vector Machine underperformed. 

IV.3 EVALUATION METRICS DESCRIPTION  

The models were trained and evaluated for classification based on quartiles of “H (m).” Logistic Regression performed the best 

with an accuracy of 39.85% and an F1 score of 0.3603, while Random Forest and SVM had slightly lower performance.The accuracy of 

the model was then improved by optimizing the parameters and using more advanced techniques. To this end, we were able to: 

- Feature engineering  

- Try other algorithms (XGBoost, Neural Networks)  

- Collect more data - Adjust the classification categories. 

Figure 4 shows the pump performance characteristics obtained. 

 
Figure 3: Correlation Matrix. 

Source: Authors, (2026). 

 
Figure 4: Pump Performance Characteristics. 

Source: Authors, (2026). 
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The scatter plot shows the relationship between flow rate and head, with point colors indicating diameter and point sizes 

representing efficiency.The final cleaned dataset has (4638, 4) rows with four key parameters: diameter, flow rate, head, and efficiency. 

The visualization reveals several interesting patterns: 

 Multiple performance curves for different pump diameters; 

 A general inverse relationship between flow rate and head; 

 Varying efficiency levels across operating conditions. 

One of the objectives is to try to find a general formula for optimising pump performance. The first step is to analyse the 

relationship between these parameters and efficiency. The polynomial regression model has been successfully fitted, and the formula 

for efficiency has been derived. The R-squared value indicates moderate explanatory power, and the best performance point has been 

identified. 

V. CONCLUSIONS 

This study emphasizes the significant role of submersible pumps in various industries and highlights the growing application of 

smart systems in their classification. Traditional classification methods, though well-established, often fall short in precision and 

adaptability. Leveraging artificial intelligence and machine learning technologies provides a promising path to enhance the 

classification process, achieving greater accuracy and efficiency. Our analysis demonstrated the effectiveness of applying machine 

learning algorithms like Random Forest in optimizing pump classification and performance prediction. Future work should focus on 

expanding datasets, refining algorithms, and integrating real-time smart decision systems to address operational challenges and further 

improve the reliability of submersible pumps in diverse applications. 

VI. AUTHOR’S CONTRIBUTION 

Conceptualization: Mourad Abed, Ali Bedjaoui, Abdelmoutia Telli. 

Methodology: Mourad Abed, Ali Bedjaoui, Abdelmoutia Telli. 

Investigation: Mourad Abed, Ali Bedjaoui, Abdelmoutia Telli. 

Discussion of results: Mourad Abed, Ali Bedjaoui, Abdelmoutia Telli. 

Writing – Original Draft: Mourad Abed, Ali Bedjaoui, Abdelmoutia Telli. 

Writing – Review and Editing: Mourad Abed, Ali Bedjaoui, Abdelmoutia Telli. 

Resources: Mourad Abed, Ali Bedjaoui, Abdelmoutia Telli. 

Supervision: Mourad Abed, Ali Bedjaoui, Abdelmoutia Telli. 

Approval of the final text: Mourad Abed, Ali Bedjaoui, Abdelmoutia Telli. 

VII. REFERENCES 

[1] Chen, L., Wei, L., Wang, Y., Wang, J., & Li, W. (2022). Monitoring and Predictive Maintenance of Centrifugal Pumps Based on Smart Sensors. Sensors,vol 22,no. 6,  

pp.2106. https://doi.org/10.3390/s22062106 

 

[2] Orrù, P. F., Zoccheddu, A., Sassu, L., Mattia, C., Cozza, R., & Arena, S. (2020). Machine Learning Approach Using MLP and SVM Algorithms for the Fault 

Prediction of a Centrifugal Pump in the Oil and Gas Industry. Sustainability, vol. 12, no.11, pp. 4776. https://doi.org/10.3390/su12114776 

 

[3] Perissinotto, R. M., Monte Verde, W., Biazussi, J. L., Bulgarelli, N. A. V., Fonseca, W. D. P., Castro, M. S. D., Franklin, E. D.  M., & Bannwart, A. C. (2021). Flow 

visualization in centrifugal pumps: A review of methods and experimental studies. Journal of Petroleum Science and Engineering, vol.203, 108582. 

https://doi.org/10.1016/j.petrol.2021.108582 

 

[4] Zhao, J., Pei, J., Yuan, J., & Wang, W. (2022). Energy-saving oriented optimization design of the impeller and volute of a multi-stage double-suction centrifugal 

pump using artificial neural network. Engineering Applications of Computational Fluid Mechanics, vol. 16, no.1, pp 1974–2001. 

https://doi.org/10.1080/19942060.2022.2127913 

 

[5] Alawadhi, K., Alzuwayer, B., Mohammad, T. A., & Buhemdi, M. H. (2021). Design and Optimization of a Centrifugal Pump for Slurry Transport Using the Response 

Surface Method. Machines, vol 9, no. 3, pp. 60. https://doi.org/10.3390/machines9030060 

 

[6] Sunal, C. E., Dyo, V., & Velisavljevic, V. (2022). Review of Machine Learning Based Fault Detection for Centrifugal Pump Induction Motors. IEEE Access, vol 10, 

pp. 71344–71355. https://doi.org/10.1109/ACCESS.2022.3187718 

 

[7] Sampaio Da Silva, C., Boos, J. A., Goldowsky, J., Blache, M., Schmid, N., Heinemann, T., Netsch, C., Luongo, F., Boder-Pasche, S., Weder, G., Pueyo Moliner, A., 

Samsom, R.-A., Marsee, A., Schneeberger, K., Mirsaidi, A., Spee, B., Valentin, T., Hierlemann, A., & Revol, V. (2024). High-throughput platform for label-free sorting 

of 3D spheroids using deep learning. Frontiers in Bioengineering and Biotechnology, vol 12, 1432737. https://doi.org/10.3389/fbioe.2024.1432737 

 

[8] Praveen Kumar, T., Buvaanesh, R., Saimurugan, M., Naresh, G., Jenoris Muthiya, S., & Basavanakattimath, M. (2024). Performance evaluation of deep learning 

approaches for fault diagnosis of rotational mechanical systems using vibration, sound, and acoustic emission signals. Journal of Low Frequency Noise, Vibration and 

Active Control, vol.43, no.3, pp.1363–1380. https://doi.org/10.1177/14613484241240927 

 

[9] Ma, X., Guo, G., Wu, X., Wu, Q., Liu, F., Zhang, H., Shi, N., & Guan, Y. (2023). Advances in Integration, Wearable Applications, and Artificial Intelligence of 

Biomedical Microfluidics Systems. Micromachines, vol. 14, no. 5, pp.972. https://doi.org/10.3390/mi14050972 

 

[10] Barkey, M., Büchner, R., Wester, A., Pritzl, S. D., Makarenko, M., Wang, Q., Weber, T., Trauner, D., Maier, S. A., Fratalocchi, A., Lohmüller, T., & Tittl, A. 

(2024). Pixelated High- Q Metasurfaces for in Situ Biospectroscopy and Artificial Intelligence-Enabled Classification of Lipid Membrane Photoswitching Dynamics. 

ACS Nano, vol. 18, no.18, pp.11644–11654. https://doi.org/10.1021/acsnano.3c09798 

 

Page 240



 
 
 

 

ITEGAM-JETIA, Manaus, v.12 n.58, p. 235-241, March/ April, 2026. 

 

 

[11] Wang, B., Li, Y., Zhou, M., Han, Y., Zhang, M., Gao, Z., Liu, Z., Chen, P., Du, W., Zhang, X., Feng, X., & Liu, B.-F. (2023). Smartphone-based platforms 

implementing microfluidic detection with image-based artificial intelligence. Nature Communications, vol.14, no.1, pp. 1341. https://doi.org/10.1038/s41467-023-36017-

x 

 

[12]  Cui, B., Li, J., Zhang, C., & Zhang, Y. (2020). Analysis of Radial Force and Vibration Energy in a Centrifugal Pump. Mathematical Problems in Engineering, 

vol.2020, pp 1–12. https://doi.org/10.1155/2020/6080942 

 

[13]  Hieninger, T., Goppelt, F., Schmidt-Vollus, R., & Schlücker, E. (2021). Energy-saving potential for centrifugal pump storage operation using optimized control 

schemes. Energy Efficiency, vol.14, no.2,PP 23. https://doi.org/10.1007/s12053-021-09932-5 

 

[14] Huang, P., Appiah, D., Chen, K., Zhang, F., Cao, P., & Hong, Q. (2021). Energy dissipation mechanism of a centrifugal pump with entropy generation theory. AIP 

Advances, vol.11, no.4, pp. 045208. https://doi.org/10.1063/5.0042831 

 

[15]  Gupta, S., & Kumar, M. (2023). Computational Fluid Dynamics: Innovations in Numerical Techniques, Multi-Phase Flow Modeling, and Prospects for Sustainable 

Energy Applications. Journal of Sustainable Urban Futures, vol.13, no.9, pp. 1–20.  

 

[16] Bhavsar, S., & DE, S. (2024). Aerodynamic Design and Performance Evaluation of Pipe Diffuser for Centrifugal Compressor of Micro Gas Turbine (Version 1). 

arXiv. https://doi.org/10.48550/ARXIV.2404.11828 

 

[17] Seflek, A. Y., & Çarman, K. (2010). A Design of an Expert System for Selecting Pumps Used in Agricultural Irrigation. Mathematical and Computational 

Applications, 15(1), 108-116. https://doi.org/10.3390/mca15010108 

 

[18]  Akpudo, U. E., & Hur, J.-W. (2021). A Cost-Efficient MFCC-Based Fault Detection and Isolation Technology for Electromagnetic Pumps. Electronics, vol.10, no.4, 

pp. 439. https://doi.org/10.3390/electronics10040439 

 

[19]  Lv, X., Wang, H., Zhang, X., Liu, Y., Jiang, D., & Wei, B. (2021). An evolutional SVM method based on incremental algorithm and simulated indicator diagrams 

for fault diagnosis in sucker rod pumping systems. Journal of Petroleum Science and Engineering,vol. 203, pp108806. https://doi.org/10.1016/j.petrol.2021.108806 

 

[20]  Karagiovanidis, M., Pantazi, X. E., Papamichail, D., & Fragos, V. (2023). Early Detection of Cavitation in Centrifugal Pumps Using Low-Cost Vibration and Sound 

Sensors. Agriculture, vol.13, no.8, pp 1544. https://doi.org/10.3390/agriculture13081544 

 

[21]  Cao, H., Fang, H.-S., Liu, W., & Lu, C. (2021). SuctionNet-1Billion: A Large-Scale Benchmark for Suction Grasping. IEEE Robotics and Automation Letters, 

vol.6, no.4, pp 8718–8725. https://doi.org/10.1109/LRA.2021.3115406 

 

[22]  Liang, C.-J., Wang, X., Kamat, V. R., & Menassa, C. C. (2021). Human–Robot Collaboration in Construction: Classification and Research Trends. Journal of 

Construction Engineering and Management, vol.147, no.10, pp.03121006. https://doi.org/10.1061/(ASCE)CO.1943-7862.0002154 

 

[23]  Syed, F. I., Alshamsi, M., Dahaghi, A. K., & Neghabhan, S. (2022). Artificial lift system optimization using machine learning applications. Petroleum, vol.8, no.2, 

pp.219–226. https://doi.org/10.1016/j.petlm.2020.08.003 

 

[24] Zhu, Y., Li, G., Wang, R., Tang, S., Su, H., & Cao, K. (2021). Intelligent fault diagnosis of hydraulic piston pump combining improved LeNet-5 and PSO 

hyperparameter optimization. Applied Acoustics, vol.183, pp.108336. https://doi.org/10.1016/j.apacoust.2021.108336 

 

[25] Ghosh, P., Azam, S., Jonkman, M., Karim, A., Shamrat, F. M. J. M., Ignatious, E., Shultana, S., Beeravolu, A. R., & De Boer, F. (2021). Efficient Prediction of 

Cardiovascular Disease Using Machine Learning Algorithms With Relief and LASSO Feature Selection Techniques. IEEE Access, vol .9, pp.19304–19326. 

https://doi.org/10.1109/ACCESS.2021.3053759 

 

[26] Yang, L., & Shami, A. (2020). On hyperparameter optimization of machine learning algorithms: Theory and practice. Neurocomputing, vol.415, pp. 295–316. 

https://doi.org/10.1016/j.neucom.2020.07.061 

 

[27] Sarker, I. H. (2021). Machine Learning: Algorithms, Real-World Applications and Research Directions. SN Computer Science, vol.2, no.3, pp.160. 

https://doi.org/10.1007/s42979-021-00592-x 

 

[28] Zhang, Y., & Thorburn, P. J. (2022). Handling missing data in near real-time environmental monitoring: A system and a review of selected methods. Future 

Generation Computer Systems, vol.128, pp.63–72. https://doi.org/10.1016/j.future.2021.09.033 

 

[29] Nielsen, I. E., Dera, D., Rasool, G., Ramachandran, R. P., & Bouaynaya, N. C. (2022). Robust Explainability: A tutorial on gradient-based attribution methods for 

deep neural networks. IEEE Signal Processing Magazine, vol.39 no.4,  pp.73–84. https://doi.org/10.1109/MSP.2022.3142719 

 

Page 241


