
Journal of Computational Analysis and Applications                                                                          VOL. 33, NO. 8, 2024 
   

                                                                                                                                     10.48047/jocaaa.2024.33.08.579 

                                                                                        9451                            Sunilkumar Patil et al 9451-9456 

 

Smart & Intelligent Approach to Condition Assessment in Hydraulic Oil Pumps 

Sunilkumar Patil 

Department of Mechanical 

Engineering, SRM University 

Chennai, Tamil Nadu, India                        

& Department of Mechanical 

Engineering, Bharati Vidyappeth’s College 

of Engineering, Pune, India. 

patil.sr1972@gmail.com  

 Prof. Sheela Singh 

Professor, Mechanical 

Engineering & 

Controller of 

Examinations, SRM 

University  

 

 

Sharad Mulik                                                       
Department of Mechanical 

Engineering, RMD Sinhgad School of 

Engineering, Pune, Maharashtra, India. 

 

 

Abstract— Condition assessment of hydraulic pumps is 

imperative in order to uphold operational efficiency and avert 

system failures. This paper presents a sophisticated and 

intelligent methodology which employs vibration signature 

analysis, with a specific emphasis on a reciprocating hydraulic 

oil pump. The vibration signatures were obtained across a range 

of operating conditions, encompassing normal functioning as 

well as distinct fault conditions. The analysis, predominantly 

performed in the time domain, sought to identify patterns 

suggestive of particular faults. The preprocessing phase 

encompassed the application of filtering and noise reduction 

techniques with the aim of isolating essential vibration features. 

The process of feature extraction was conducted with the aim of 

identifying and emphasizing unique attributes that differentiate 

between healthy and faulty conditions. The study involved the 

training and testing of logistic model trees for the purpose of 

classifying various fault types using extracted features. The 

findings demonstrated a favorable classification accuracy, 

which can be utilized to facilitate the assessment of conditions 

and the implementation of predictive maintenance strategies for 

reciprocating hydraulic oil pumps. 

Keywords— Hydraulic Pump, Condition Monitoring, Vibration 

Signature Analysis, Logistic Model Trees 

I. INTRODUCTION  

The implementation of condition monitoring for a 
reciprocating hydraulic oil pump is crucial in maintaining the 
maximal performance and durability of industrial machinery 
[1]. The necessity for such surveillance derives from the 
intrinsic complexity and criticality of these pumps in diverse 
industrial operations [2]. The persistent utilization of the 
equipment renders it susceptible to deterioration, leaks, and 
possible operational failures from different components 
shown in Figure 1, resulting in prolonged periods of inactivity 
and expensive maintenance if unaddressed [3]. D. Yu and H. 
Zhang [4] implemented a Deep Belief Network (DBN) in a 
fault diagnosis methodology capitalizes on the utilization of 
submersible motor current as the primary input variable, thus 
facilitating efficient fault extraction and diagnosis in a 
reciprocating pumping unit. The DBN model demonstrated an 
accurate identification of fault features from running currents 
through its multi-layered structures and has been shown to be 
effective in fault diagnosis through simulation samples. 
Further, integration of the Analytical Hierarchy Process 
(AHP) and the Cross-Correlation Function Fusion (CCFF) 
algorithms in a multi-sensor data fusion methodology was 
employed by Y. Zhao et al. [5] to generate a Health Index (HI) 
derived from vibration signals. This approach has enhanced 
the capability for condition monitoring of a three-plunger 

reciprocating pump within an industrial environment. This 
research examined the efficacy of monitoring operations and 
detecting abnormalities through the method's consideration of 
sensor placement and data correlation. F. Bie [6] presented the 
implementation of an enhanced complete ensemble empirical 
mode decomposition with adaptive noise algorithm for the 
purpose of extracting fault characteristics from vibration 
signals of reciprocating pumps. The proposed algorithm 
aimed to improve the signal-to-noise ratio and facilitate the 
construction of a feature vector for the application of long 
short-term memory networks in mode recognition. The 
methodology demonstrated proficiency in identifying fault 
characteristics and effectively distinguishing operational 
modes in reciprocating pumps, thus indicating its efficacy in 
fault diagnosis.  

 

Fig.1: typical assembly of hydraulic reciprocating pumps 

J. Gao [7] employed support vector machines in 
conjunction with wavelet packet transform for the purpose of 
diagnosing valve faults in three-cylinder reciprocating pumps. 
The approach has demonstrated effectiveness in accurately 
identifying both the type and position of faults within the 
pumps. It exhibited promise in the area of machinery fault 
detection by achieving greater precision compared to BP 
networks. This is achieved through the successful 
implementation of multi-class classification for identifying 
valve faults. J. Wang [8] presented a methodology for 
vibration-based fault diagnosis in oil field pumps, utilizing a 
fuzzy logic-based approach. The proposed method employed 
fuzzy membership functions on frequency spectra to 
effectively categorize diverse pump faults with enhanced 
accuracy. The method demonstrated potential in effectively 
identifying machinery faults by addressing the uncertain 
relationships between fault symptoms and events and 
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showcased strong diagnostic capabilities through fuzzy 
comprehensive discrimination. F. He [9] introduced a novel 
approach utilizing Wavelet Packet Transform (WPT) to 
identify valve fault traits from non-stationary vibration signals 
obtained from three-cylinder reciprocating pumps. The 
utilization of a multi-class classifier based on support vector 
machines enables precise identification of fault types and 
positions in defective valves, demonstrating superior 
diagnostic accuracy when compared to artificial neural 
networks. P. Casoli [10] introduced a novel vibration-based 
health detection method for variable displacement axial-piston 
pumps with the objective of facilitating condition-based 
maintenance. Through conducting tests on the pump under 
various conditions and subsequently extracting relevant 
features from vibration signals, classifiers were effectively 
trained to accurately identify faults. The study demonstrated a 
favorable level of accuracy even when using a reduced set of 
features, indicating the potential for practical application in 
onboard systems. This underscores the algorithm's capability 
to identify distinct faults across different operational 
scenarios. The forthcoming research endeavor will seek to 
ascertain the efficacy of the algorithm in the real-time 
detection of incipient faults in axial-piston pumps. Further P. 
Casoli [11] employed cyclostationarity theory to analyze 
acceleration signals for fault diagnosis in variable 
displacement axial-piston pumps within hydraulic systems. 
The experimental examinations, which involved both ideal 
and impaired states under diverse operational parameters, 
showcased the capability of the approach in identifying 
particular faults associated with worn slippers. Our future 
endeavors entail further developing the method to identify a 
wider spectrum of faults and constructing a classifier to 
accurately ascertain the nature of these faults in the pumps. 

 

Fig.2: Methodology showcasing different step in data 
processing 

Looking at the survey above, it is crucial to adopt a 
strategic and intelligent method for overseeing these pumps in 
order to detect and resolve potential issues in a proactive 
manner before they become more severe. The significance of 
this approach resides in its capacity to augment operational 
efficiency, mitigate unforeseen downtime, lower maintenance 
expenses, and ultimately enhance overall productivity [12]. 
This study is driven by the imperative to mitigate disturbances 
and enhance the dependability of hydraulic systems. It aims to 
introduce an advanced monitoring system that utilizes state-

of-the-art technologies to optimize the performance and 
lifespan of reciprocating hydraulic oil pumps. The 
methodology showcasing different step in data processing is 
shown in Figure 2. 

II. EXPERIMENTATION  

The experimentation phase is important to conduct a 
comprehensive assessment of the health condition of a 
reciprocating hydraulic oil pump through the collection and 
analysis of vibration signatures. The methodology for the 
setup and data collection procedure adhered to a systematic 
approach. The deployment of piezoelectric accelerometer 
involved the strategic placement and attachment to the 
reciprocating hydraulic oil pump as shown in Figure 3. They 
were strategically positioned in order to detect vibrations 
occurring in key components and under various operational 
conditions. A dedicated data acquisition system by National 
Instruments was employed to interface with piezoelectric 
accelerometer for the purpose of capturing real-time vibration 
signals. This system facilitated high sampling rates of 20 kHz 
and accurate data capture throughout the pump's operational 
processes. The study examined a wide array of operating 
conditions. The investigation encompassed routine 
operational conditions as well as intentionally induced fault 
scenarios, involving imbalances in pulleys, misalignments, 
inadequate lubrication, rotational looseness, and obstructions 
in suction and discharge conduits. The piezoelectric 
accelerometer maintained continuous vigilance over the 
pump's vibrations across a range of operating conditions. This 
enabled the identification of unique vibration patterns 
corresponding to various operational conditions and potential 
mechanical failures.  

 

Fig.3: Experimentation setup 

III. DATA REPRESENTATION & PREPROCESSING 

Within the context of condition assessment for hydraulic 
oil pumps, vibration signature analysis is considered a vital 
technique for evaluating the functionality and operational 
status of these essential industrial components. Through the 
acquisition of vibration data under both normal and abnormal 
operating conditions, and subsequent analysis exclusively in 
the temporal domain as shown in Figure 4, this approach 
offers significant insights into the status of the pump without 
necessitating intricate frequency domain examination. The 
vibration signatures of a hydraulic oil pump are powerful 
indicators, containing a significant amount of information 
about its internal dynamics.  
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The process of data collection is wide-ranging, covering a 
range of operational scenarios that include both normal 
functioning and a variety of faulty conditions [13]. The state 
of health serves as the fundamental standard against which 
deviations are quantified and evaluated. Flawed conditions, 
including potential issues such as wear, misalignment, 
cavitation, or damaged components, are intentionally induced 
or simulated in order to capture their unique vibration patterns. 
The concentrated examination in the temporal domain 
presents various benefits. The initial benefit lies in the 
simplification of computational requirements, which 
facilitates expedited analysis and interpretation of results. 
Additionally, the analysis of vibration signatures exclusively 
in the time domain can provide valuable insights into the 
performance of the pump and identify abnormalities without 
the need for complex frequency analysis methods [14]. 
However, although time domain analysis offers valuable 
insights, it may have limitations in identifying distinct fault 
signatures that are more effectively captured in the frequency 
domain. For example, specific types of faults may 
demonstrate imperceptible shifts in frequency or variations in 
harmonic content that are not readily distinguishable when 
solely considering the time domain. The raw vibration data 
was subjected to pre-processing including noise removal 
using filtering techniques, normalization to maintain 
consistent scale across all samples, and segmentation to isolate 
distinct operational phases, thus ensuring the best possible 
analysis in the time domain. 

 

 

Fig.4: Vibration signals for normal and faulty conditions 

IV. MACHINE LEARNING APPROACH 

The extraction of meaningful features from time domain 
signals was essential in the analysis of vibration data obtained 
from hydraulic oil pumps. The study sought to achieve 

accurate classification and differentiation between healthy and 
faulty operational states by selecting relevant attributes and 
utilizing ML based classifiers.  

4.1 Feature extraction 

Key characteristics within the temporal vibration signals 
were identified to extract features. Various parameters 
including mean, median, standard deviation, root mean square 
(RMS), peak-to-peak amplitudes, kurtosis, skewness, and 
waveform morphology were calculated. The extraction of 
statistical moments and shape-based features was employed to 
capture distinct patterns that represent various operational 
conditions. 

4.2 Feature selection 

The process of selecting relevant subsets of input features 
for a given task or problem. The purpose of feature selection 
is to identify the attributes that are most discriminative among 
the extracted features. Various statistical techniques, such as 
correlation analysis, mutual information, and wrapper 
methods such as forward/backward feature selection, are 
available to identify the subset of features that markedly 
impacted the differentiation between healthy and faulty 
conditions [15, 16]. This step facilitated the removal of 
redundant or less informative attributes, thereby enhancing the 
performance of the classification process. The entropy-based 
method was employed herein for selecting various features. 

 

Fig. 5: Logistic model tree mechanism 

4.3 Feature classification 

The categorization of items into groups based on shared 
characteristics and properties. Various machine learning 
algorithms like Support Vector Machines (SVM), Decision 
Trees, and Random Forests are available for the purpose of 
classification [17]. The preprocessed and selected features 
were utilized as input for the training of these models. The 
models derived patterns from the extracted features and their 
correlations with various fault conditions in the training phase. 
During the process of classification, the models underwent 
testing using newly acquired vibration data in order to make 
predictions and ascertain the operational condition of the 
hydraulic oil pump. The decision tree models operate through 
the iterative segmentation of the feature space into separate 
regions, which are determined by the specific values of the 
features as shown in Figure 5. Commencing from the origin 
node, the model identifies the feature with the greatest 
influence in effectively partitioning the dataset [18]. The 
algorithm subsequently generates branches that correspond to 
distinct feature values, and iteratively repeats this process until 
it forms terminal leaf nodes that represent the ultimate 
decision or classification [19]. The hierarchical structure 
facilitates intuitive interpretation and efficient categorization 
through a sequence of binary decisions reliant on feature 
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thresholds [20]. Figure 6 shows machine learning workflow 
for its deployment. 

V. RESULTS & DISCUSSION 

The findings outlined in this study are derived from the 
assessment of the logistic model tree employing Stratified 
cross-validation with a 10-fold validation approach. The 
assessment metrics offer a comprehensive analysis of the 
model's proficiency in classifying various fault conditions in 
the hydraulic system using vibration data. The model 
exhibited a high level of accuracy in classifying instances, 
correctly identifying 96. 26% of cases as shown in Figure 7 
and matrix shown in Figure 8. This demonstrates its 
effectiveness in differentiating between different fault classes.  

 

Fig. 6: Machine learning workflow for its deployment 

 

Fig.7: Classification results using different matrices  

The calculated Kappa statistic of 0. 9573 indicates a robust 
degree of concordance between the anticipated and observed 
classifications, surpassing chance-level agreement. The mean 
absolute error, representing the average absolute deviation 
between predicted and actual classes, is found to be 0. 0386 
This result suggests that the prediction errors are minimal. The 
confusion matrix provides a visual representation of the 
classification of instances, demonstrating elevated true 
positive rates for various fault categories. The model 
demonstrated high precision, recall, and F-measure across all 
fault classes, suggesting its dependable capability in detecting 
specific fault conditions. The ROC Area and PRC Area, both 

approaching 1. 000, indicate the model's outstanding 
discriminatory capacity across different classes. The logistic 
model tree demonstrated a high level of accuracy and 
precision in the classification of diverse fault conditions in the 
hydraulic oil pump using extracted vibration data, suggesting 
its efficacy in fault diagnosis and classification. 

VI. CONCLUSION 

In conclusion, the application of vibration signature 
analysis in hydraulic oil pumps demonstrates promise as a 
valuable method for condition monitoring and fault detection. 
The research effectively showcased the efficacy of utilizing 
signal processing methods in the time domain to extract 
features, facilitating the recognition of unique patterns linked 
to diverse fault conditions. The utilization of machine learning 
models, specifically logistic model trees demonstrated strong 
proficiency in effectively categorizing various types of faults 
by utilizing extracted features. The results emphasize the 
potential of employing predictive maintenance strategies in 
hydraulic systems as an intelligent and proactive approach to 
forecasting and mitigating potential failures. By utilizing 
vibration data and intelligent classification models, this 
methodology enables the early detection of faults, allowing for 
prompt intervention and maintenance activities to reduce 
downtime and improve the overall reliability of the system. 
Subsequent research endeavors may investigate the 
incorporation of supplementary sensor information or the 
utilization of more sophisticated machine learning 
methodologies to enhance fault detection abilities and expand 
the range of condition monitoring in hydraulic systems. This 
study showcased the potential of employing a sophisticated 
and intelligent method utilizing vibration analysis to assess the 
condition of reciprocating hydraulic oil pumps, thereby 
leading to improved reliability and operational efficiency in 
industrial settings.  

 

Fig.8: Classification results using matrix 

In this study, we proposed a novel approach for monitoring 
electrode delamination and slippage in Li-ion batteries based 
on vibration signatures and a convolutional neural network 
(CNN) model. The developed framework leverages the 
inherent vibrational characteristics of batteries to detect and 
classify fault conditions accurately. Through extensive 
experimentation and analysis, we obtained promising results, 
demonstrating the effectiveness and potential of the proposed 
methodology. 
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The CNN model exhibited high accuracy, precision, and 
recall in classifying vibration data into three categories: 
Electrode Delamination, Electrode Slippage, and Healthy 
Battery. The model successfully learned to discern subtle 
changes in vibration patterns associated with fault conditions, 
enabling early fault detection and proactive maintenance 
strategies. Additionally, the model's robust performance, as 
evidenced by the low error rates and high Kappa statistic, 
underscores its reliability in real-world applications. 
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