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This study proposes an integrated Prognostics and Health Management 
(PHM) framework for centrifugal pumps by combining performance 
data (vibration, temperature, pressure) and functional failure data 
using Artificial Neural Networks (ANN) and Reliability Block Diagram 
(RBD). The dataset obtained from operational operating plant reports 
was preprocessed using PCA and SMOTE to address dimensionally and 
class imbalance. A NAR-based ANN model was developed to predict 
time-to-failure and the predicted outputs were integrated into an RBD 
model for availability estimation. The model achieved an MSE of 0.124 
and high correlation with observed degradation trends. The RBD 
analysis revealed an estimated system availability of 34%, indicating 
significant downtime and the need for reliability improvement 
strategies. The proposed hybrid PHM framework demonstrates 
potential for early degradation detection and maintenance 
optimization in rotating machinery. 
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1. Introduction  
Industrial pump systems are critical components in process industries such as oil and gas, manufacturing, power 
generation, and water treatment, where continuous operation and high reliability are essential for safe and cost-
effective production. Unexpected pump failures can lead to significant operational downtime, safety risks and 
economic losses due to production interruptions and maintenance costs. As industrial systems become 
increasingly complex and dat-driven, there is a growing need for advanced prognostic health management (PHM) 
frameworks capable of predicting equipment degradation and preventing catastrophic failures. In this context, 
condition monitoring using multi-sensor data, including vibration, temperature, pressure and flow parameters 
has emerged as a key enabler for predictive maintenance and reliability enhancement in rotating machinery. 
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Traditional reliability assessment methods for pump systems largely rely on historical failure data, statistical 
life models, or scheduled maintenance strategies. While these approaches provide useful baseline reliability 
estimates, they are inherently reactive and often fail to capture the dynamic degradation behaviour of equipment 
operating under varying load and environmental conditions. Moreover, classical reliability models do not 
effectively utilize high-dimensional sensor data generated from modern condition monitoring systems. As a result, 
maintenance actions or unexpected system failures, thereby reducing operational availability and increasing 
lifecycle costs. According to several research, maintenance expenditures typically constitute a significant 
proportion, exceeding one-third, of the overall operating costs. Alraghbi [1] estimates that maintenance costs 
account for approximately fifteen to seventy percent (15 to 70%) of production. According to Shiels [2], the 
temperature, oil level, motor revolutions per minute, cavity, liquid flow rate, and total duration of a centrifugal 
pump are the primary factors that can reduce its expected lifetime. 

The timely detection of a system problem and the precise anticipation of the system's future state can help 
prevent noteworthy ramifications [3]. Researchers have taken a keen interest in Prognostics and Health 
Management (PHM)[4], as it can predict the residual useful life (RUL) of the equipment involved [5]. Although 
diagnostics and prognostics have been discussed in the literature, for example in [6], [7], [8], and [9]. Physical 
models, reliability models, machine learning models, and dependency models constitute a number of diagnostics, 
prognostics, and health management approaches [9].  

Recent advancements in machine learning (ML) have significantly improved the capabilities of PHM systems 
for rotating machinery by enabling data-driven degradation prediction and fault diagnosis. Artificial Neural 
Networks (ANN), Support Vector Machines (SVM), and other intelligent algorithms have been widely applied for 
fault detection and remaining useful life (RUL) estimation using vibration and performance datasets. These 
models are particularly effective in capturing nonlinear degradation patterns and complex interactions among 
multiple operational variables. However, a major limitation of existing ML-based PHM studies is that they 
predominantly focus on predictive accuracy without integrating the predicted degradation outcomes into system-
level reliability and availability assessment frameworks. Consequently, many studies provide accurate failure 
predictions but lack practical decision-support metrics such as Mean Time to Failure (MTTF) and operational 
availability. 

Hence, it is imperative to incorporate artificial intelligence (namely machine learning) approaches with 
established conventional procedures in order to achieve enhanced and efficient solutions [10]. In addition, studies 
in the field of Prognostics and Health Management (PHM) encounter challenges while endeavoring to depict and 
simulate the intricacy of these systems only based on failure data or performance data [11]. The current state of 
knowledge regarding system failures, their underlying causes, and the comprehensive comprehension of pump 
dynamic performance has been found to be inadequate. This deficiency can be attributed to the increasing 
uncertainty surrounding equipment characteristics and their accurate modeling, which ultimately leads to system 
degradation [12].  

In a prior review of reliability engineering [13], the author summarized the field's advancements and 
underscored its challenges. One highlighted challenge pertains to the necessity for novel reliability analysis tools 
capable of modeling the escalating complexity in system design. Furthermore, the demand for enhanced 
predictions and uncertainty propagation in reliability and safety analysis was emphasized. This notion was 
supported by Li et al. [14], who observed that conventional methods for predicting the lifespan of engineering 
components are struggling to meet the industry's heightened precision and accuracy requirements. 

Notably, various domains, such as machine learning, controls, autonomy, and computer vision, have 
profoundly reshaped academic disciplines. Inevitably [15]–[21], the realm of reliability engineering and safety 
analysis will also undergo such transformation. Amidst the extensive yet fragmented literature on machine 
learning applications for reliability and safety, this work aims to simplify navigation by delineating the expanding 
analytical landscape, identifying pivotal milestones and pathways. A notable decrease in the number of 
researchers focused on the analysis of deterioration failure was seen, with the existing studies primarily utilizing 
either performance data [22]–[25] or failure data alone [26]–[29]. 

Furthermore, most existing research on pump health monitoring utilizes either vibration data or performance 
indicators independently with limited integration of multi-sensor functional data for comprehensive degradation 
modelling. In addition, the linkage between machine learning-based prognostics and classical reliability 
engineering tools, such as Reliability Block Diagrams (RBD), remains insufficiently explored in the literature. This 
gap restricts the practical applicability of PHM models in industrial environments, where maintenance planning 
and asset management decisions require both predictive insights and quantitative reliability metrics. 

To address these limitations, this study proposes an integrated PHM framework that combines machine 
learning-based degradation prediction with reliability block diagram (RBD) modelling for system-level reliability 
and availability analysis of industrial pump systems. Unlike conventional approaches that treat prognostics and 
reliability assessment as separate processes, the proposed methodology establishes a unified analytical pipeline 
that transforms multi-sensor operational data into degradation forecasts and subsequently into reliability 
performance indicators. The framework incorporates advanced data preprocessing techniques, including 
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normalization, Principal Component Analysis (PCA) and Synthetic Minority Oversampling Technique (SMOTE), 
alongside Artificial Neural Network (ANN) and Nonlinear Autoregressive (NAR) models for accurate degradation 
prediction. 

The novelty of this research lies in the integration of data-driven degradation modelling, time-series 
prediction, and RBD-based reliability evaluation within a single PHM architecture tailored for pump systems. 
Specifically, the study bridges the gap between machine learning prognostics and reliability engineering by 
mapping predicted degradation trends to time-to-failure (TTF) estimates for availability computation. This 
integrated approach provides a more practical and decision-oriented framework for predictive maintenance 
compared to traditional standalone ML or statical reliability models. 

Therefore, the main objective of this study is to develop and validate a hybrid ANN-NAR-RBD framework for 
predictive reliability assessment of industrial pumps using multi-sensor condition monitoring data. The proposed 
approach aims to: 

(i) Enhance degradation prediction accuracy, 
(ii) Quantify system reliability and availability using data-driven inputs, and  
(iii) Provide actionable insights for predictive maintenance planning in industrial applications.  

By addressing the limitations of existing PHM and reliability modelling approaches, this research contributes 
to advancement of intelligent maintenance systems aligned with industry 4.0 and smart asset management 
strategies. 

The subsequent section outlines the structure of the paper. Section II of the paper focuses on the examination 
of existing literature. The methodology is expounded upon in Section III. The discussion of the results and analysis 
was presented in Section IV. The conclusion of the paper is presented in Section V. 

2. Literature Review 

2.1 PHM Applications in Rotating Machinery 
Prognostics Health Management (PHM) has gained significant attention in the monitoring and maintenance of 
rotating machinery, including pumps, compressors, turbines and motors [30]. Existing studies have demonstrated 
the effectiveness of condition monitoring techniques in detecting early degradation using vibration analysis, 
acoustic emission, and performance indicators  [31]. In pump systems, PHM frameworks have primarily focused 
on fault diagnosis, cavitation detection, and bearing degradation analysis using sensor-based monitoring 
approaches, while these methods improve early fault detection, many of them are limited to diagnostic analysis 
rather than long-term degradation prediction and reliability assessment. 
 Moreover, several PHM studies in industrial environments emphasize fault classification accuracy without 
translating prognostic outputs into actionable reliability metrics such availability, reliability, and Mean Time to 
Failure (MTTF). This limitation reduces the practical applicability of PHM systems for maintenance planning and 
asset lifestyle management, particularly in critical pump operations where system downtime has significant 
economic implication. 

2.2 Machine Learning Techniques for Degradation Prediction 
Machine learning techniques have been widely adopted for predictive maintenance and degradation modelling in 
complex engineering systems. Algorithms such as ANN, SVM, Random Forest (RF) and Deep Learning (DL) models 
have shown strong capability in capturing nonlinear relationships between sensor data and equipment health 
states. ANN models, in particular, have been extensively applied in rotating machinery due to their ability to model 
complex degradation patterns and handle high-dimensional datasets. 

Despite the high predictive accuracy reported in many ML-based PHM studies, a key limitation is the reliance 
on single-source data, such as vibration signals or performance indicators, without integrating multi-sensor 
functional datasets. Additionally, most studies focus on prediction performance metrics (e.g., accuracy, MSE, R) 
without linking the predicted degradation behavior to system-level reliability evaluation. As a result, the practical 
decision-making value of these models in industrial maintenance scheduling remains constrained. 

2.3 Reliability Modelling and RBD Integration in PHM 
Reliability engineering approaches, including Reliability block Diagrams (RBD, Fault Tree Analysis (FTA), and 
statistical life models, are widely used for system reliability and availability assessment. RBD modelling provides 
a structured representation of system components and their reliability relationships, enabling the computation of 
system-level performance indicators. However, traditional RBD models typically rely on historical failure rates 
and assumed probability distributions, which may not accurately reflect real-time degradation behavior in 
dynamic operating environments. 
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Recent research has begun exploring the integration of data-driven methods with reliability modelling 
frameworks to enhance predictive maintenance decision-making. Nevertheless, the explicit integration of 
machine learning-based degradation prediction with RBD for availability estimation in pump systems remains 
limited. Existing studies often treat prognostics and reliability analysis as separate processes, leading to 
fragmented maintenance strategies and reduced operational efficiency. 

2.4 Comparative Analysis of Related Studies 
A critical review of existing literature indicates that most PHM studies either focus on machine learning-based 
fault prediction or traditional reliability modelling independently. Few studies provide a unified framework that 
integrates multi-sensor degradation prediction, time-series modelling, and system-level availability analysis. 
Furthermore, prior research on pump PHM in industrial contexts lacks comprehensive validation using multi-
dimensional datasets and advanced preprocessing techniques such as PCA and SMOTE. 

2.5 Research Gap and Contribution Synthesis  
From the reviewed literature, it is evident that three major gaps persist: (i) limited integration of multi-sensor 
functional and performance data for degradation modelling, (ii) lack of linkage between machine learning 
prognostics and system-level reliability metrics, and (iii) insufficient application of RBD frameworks in data-
driven PHM studies for pump systems. Existing approaches predominantly emphasize predictive accuracy while 
neglecting reliability and availability evaluation required for industrial maintenance decision-making. 

To address these gaps, this study proposes a novel integrated PHM framework that combines ANN-based 
degradation prediction, NAR time-series modelling, and RBD-based reliability analysis using multi-sensor pump 
data. Unlike conventional studies, the proposed approach establishes a direct analytical linkage between 
predicted degradation trends and system availability estimation, thereby enhancing both predictive accuracy and 
practical applicability for industrial asset management. This integration represents a significant advancement 
over existing standalone PHM or reliability modelling methods and contributes to the development of intelligent 
data-driven maintenance systems for machinery. 

2.6 Overview of Fault Detection Methods 
Fault detection plays a critical role in prognostics health management (PHM)systems by enabling early 
identification of abnormal operating conditions before catastrophic failure occurs. In rotating machinery such as 
industrial pumps, commonly reported fault detection techniques include vibration and signal analysis, acoustic 
emission monitoring, thermographic inspection, and performance-based monitoring using pressure and flow 
parameters. These approaches provide useful diagnostic information regarding mechanical defects such as 
bearing wear, shaft misalignment, cavitation, and seal degradation [32], [33]. 

Traditional fault detection methods are largely threshold-based or rely on statistical signal processing 
techniques that require expert-defined decision boundaries. Although effective for detecting severe faults, these 
approaches are often limited in their ability to capture early-stage degradation patterns under varying operating 
conditions [34], [35]. Furthermore, threshold-based monitoring strategies typically provide binary fault 
indicators without supporting predictive estimation of degradation progression or remaining useful life [9]. 

Recent studies have demonstrated the effectiveness of Machine Learning techniques, including Artificial 
Neural Networks (ANN), Support Vector Machines, and Random Forest algorithms, in improving fault detection 
accuracy for rotating machinery. These approaches enable automatic extraction of nonlinear relationships 
between sensor signals and equipment health states, thereby enhancing detection sensitivity under complex 
operational environments. However, most existing fault detection frameworks remain focused on classification 
accuracy rather than integration with reliability modelling tools required for maintenance decision support. 

In this study, faukit detection is not treated as an isolated diagnostic task but as an intermediate stage within 
a broader PHM framework that links degradation prediction with system-level reliability assessment. By 
combining ANN-based degradation modelling with time-series prediction and Reliability Block Diagram (RBD) 
analysis, the proposed methodology extends conventional fault detection approaches toward predictive reliability 
estimation suitable for industrial maintenance planning. 

2.7 RAM Modeling 
Reliability, Availability and Maintainability (RAM) modelling provides a structured framework for evaluating the 
operational performance of engineering systems throughout their lifecycle. In industrial pun systems, RAM 
analysis supports maintenance planning, failure risk assessment and optimization of operational continuity by 
quantifying systems reliability behavior under varying working conditions. Among the available RAM modelling 
techniques, Reliability Block Diagrams (RBD), Fault Tree Analysis (FTA) and Markov-based models are widely 
used for system-level reliability evaluation [36], [37].  
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RBD modelling is particularly effective for representing component interdependencies and evaluating system 
availability in complex engineering systems. Traditional RBD approaches typically rely on historical failure rate 
data and assumed probability distributions to estimate system performance metrics such as Mean Time To Failure 
(MTTF) and Availability. While these approaches provide useful baseline estimates, they often lack the capability 
to incorporate real-time degradation information obtained from modern condition monitoring systems [38]. 

Recent research trends emphasize the integration of data-driven prognostic with classical RAM modelling 
techniques to improve predictive maintenance decision-making. However, the direct incorporation of machine 
learning-based degradation prediction outputs into RBD frameworks remains limited in the context of industrial 
pump systems. As a result, many reliability assessments are still performed independently from condition 
monitoring and prognostic analysis [39]. 

In this study, RAM modelling is integrated with machine learning-based degradation prediction through the 
use of predicted time-to-failure (TTF) estimates obtained from ANN-NAR models. These predicted degradation 
trajectories are mapped into the RBD framework to compute system-level reliability thereby improving the 
practical applicability of PHM systems for predictive maintenance planning in industrial environments. 

3. Methodology 

3.1 Methodological Framework 
This study adopts an integrated Prognostics and Health Management (PHM) framework that combines machine 
learning-based degradation prediction with Reliability Block Diagram (RBD) modelling for comprehensive 
reliability and availability assessment of industrial pump systems. The methodological workflow consists of five 
sequential stages: (i) data acquisition, (ii) data preprocessing and feature extraction, (iii) machine learning 
development, (iv) model validation and performance evaluation, and (v) reliability and availability analysis using 
RBD. This structured approach ensures a systematic transformation of raw multi-sensor operational data into 
actionable reliability metrics for predictive maintenance decision-making. 

3.2 Data Acquisition and Description 
The dataset used in this study was from a multi-sensor condition monitoring system installed on an industrial 
pump. A total of 52 sensor variables capturing operational performance and condition parameters were recorded, 
including vibration signals, pressure, temperature, flow rate, and other functional indicators relevant to pump 
degradation behaviour. The dataset comprises 22,032 samples collected over continuous operational cycles, 
representing different health states of the pump system from normal operation to progressive degradation and 
failure conditions. 

Prior to analysis, the dataset was examined for missing values, outliers, and noise contamination. Any 
incomplete or inconsistent records were handled through data cleaning procedures to ensure the reliability of the 
training dataset. The use of multi-sensor data enhances the model’s capability to capture complex nonlinear 
degradation patterns inherent in rotating machinery. 

3.3 Data Preprocessing and Feature Engineering 
To improve model robustness and predictive accuracy, a comprehensive preprocessing pipeline was 
implemented. First, data normalization was performed using min-max scaling to transform all sensor features into 
a uniform range, thereby preventing dominance of high-magnitude variables during model training. 
Dimensionality reduction was then conducted using Principal Component Analysis (PCA) to extract the most 
significant features while minimizing redundancy and computational complexity. PCA enabled the transformation 
of high-dimensional sensor data into a reduced feature space that preserves maximum variance associated with 
degradation behaviour. 

Furthermore, the dataset exhibited class imbalance between normal and degraded operational states. To 
address this issue, the Synthetic Minority Oversampling Technique (SMOTE) was applied to generate synthetic 
samples of minority degradation classes, thereby improving model generalization and reducing classification bias. 

3.4 Machine Learning Model Development 

3.4.1 Artificial Neural Network (ANN) Architecture 
An Artificial Neural Network (ANN) model was developed to predict pump degradation trends and estimate time-
to-failure (TTF). The ANN architecture consisted of an input layer corresponding to the extracted feature set, 
multiple hidden layers for non-linear pattern leaning and an output layer representing degradation state 
prediction. 
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The model configuration included: 
• Input layer: Feature vectors derived from PC-reduced sensor data 
• Hidden layers: Multi-layer feedforward structure with nonlinear activation functions 
• Activation function: Hyperbolic tangent sigmoid (tansig) in hidden layers and linear (purelin) in the output 

layer 
• Training algorithm: Levenberg-Maruardt backpropagation 
• Learning rate: Optimized through iterative training 
• Epochs: Determined based on convergence of validation error 
• Performance function: Mean Squared Error (MSE) 

 
An ANN model was selected due to its strong capability in modelling complex nonlinear relationships between 

multi-sensor inputs and degradation outputs in rotating machinery systems. 

3.4.2 Nonlinear Autoregressive (NAR) Time-Series Modelling 
To capture temporal degradation dynamics, a Nonlinear Autoregressive (NAR) time-series model was integrated 
with the ANN framework. The NAR model utilizes past degradation states to predict future system behaviour, 
thereby enhancing the accuracy of degradation forecasting and time-to-failure estimation. This hybrid ANN-NAR 
approach improves predictive stability and provides a more realistic representation of progressive pump 
degradation. 

3.5 Model Training, Testing, and Validation 
The dataset was divided into training, validation and testing subsets to ensure reliable model evaluation and 
prevent overfitting. A typical split ratio of 70% for training, 15% for validation, and 15% for testing was adopted. 
The training dataset was reserved for final performance evaluation. 
To enhance model credibility, multiple statistical performance metrics were employed, including: 

• Correlation coefficient (R) 
• Mean Squared Error (MSE) 
• Root Mean Squared Error (RMSE) 
• Mean Absolute Error (MAE) 
• Coefficient of Determination (R2) 
 
These metrics provide a comprehensive assessment of predictive accuracy, error distribution, and model 

generalization capability. Confusion matrices and regression performance plots were also utilized to evaluate 
classification and prediction consistency. 

3.6 Benchmarking and Comparative Evaluation 
To validate the robustness of the ANN model, its predictive performance was compared conceptually with 
conventionally with conventional machine learning approaches such as Support Vector Machines (SVM) and 
Random Forest models commonly used in PHM applications. This benchmarking approach ensures that the 
selected ANN framework provides superior nonlinear prediction capability for complex degradation datasets. 

3.7 Time-to-Failure (TTF) Estimation and Degradation Mapping 
The predicted degraded outputs from the ANN-NAR model were mapped to time-to-failure (TTF) estimates by 
analysing the degradation trajectory and failure threshold conditions. This mapping enables the transformation 
of predictive degradation signals into reliability-relevant parameters suitable for system-level reliability 
modelling. 

3.8 Reliability and Availability Modelling Using RBD 
A Reliability Block Diagram (RBD) was constructed to model the structural configuration and reliability behaviour 
of pump system. The predicted TTF values were incorporated into the RBD framework to compute key reliability 
metrics, including system reliability, Mean Time to Failure (MTTF), and operational availability. The Availability 
(A) of the system was evaluated using standard reliability engineering formulations based on failure and repair 
characteristics. By integrating machine learning-derived degradation predictions with RBD modelling, the 
proposed methodoogy provides a dynamic and data-driven reliability assessment approach, overcoming the 
limitations of traditional static reliability models that rely solely on historical failure data. 
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3.9 Uncertainty and Model Assumptions 
The proposed framework assumes consistent sensor performance and stable operating conditions during data 
acquisition. While SMOTE and PCA improve robustness, uncertainties related to sensor noise, environmental 
variations and operational load fluctuations may influence prediction accuracy. These uncertainties were 
mitigated through preprocessing, validation and performance metric evaluation to ensure model reliability and 
reproducibility. 

 

Fig. 1 RAM analysis process flow 

The TTF and TTR are organized in chronological order based on the provided data. Using OREDA and ISO 
14224, the degraded failure mechanisms are identified and categorized into discrete failure events. To establish a 
connection between the failure event and the failed components, the degraded failure modes relate to crucial 
pump components. This phase can be executed based on the DOR failure occurrence description. In order to 
ascertain the underlying causes of specific instances of failure, it is important to establish a correlation between 
the appropriate components and the corresponding failure modes. The trend test consists of two distinct tests: 
the Mann test and the graphical test. The Mann-Whitney test is a statistical test that is used to compare two 
independent samples that are not assumed to be normally distributed and do not have a linear relationship.  

The aforementioned assessment can be utilized to discern disparities in performance and outcomes between 
two sets of data collected prior to and subsequent to an enhancement. Based on the findings of Relia Soft 
Corporation  [18], it has been determined that graphical testing is the most effective approach for generating 
outcomes in the realms of life data and accelerated life testing analyses. Trend tests are conducted on the TTF data 
for each failure category to determine whether there is evidence of a trend in the renewal process assumption. 
This study employs a particular way to assess the distribution assumption of each failure mode. The occurrence 
rate of each failure mode is contingent upon the repair assumption, which can be categorized as "equivalent to a 
new state," "equivalent to the original state," or "somewhere in between." The aforementioned trend test serves 
as a direct approach to validate the hypothesis at hand, while maintaining a certain level of confidence. 

The employment of the Laplace test holds significant significance in assessing the dependability of the 
equipment. The primary objective of this study is to evaluate the suitability of utilizing the exponential distribution 
model, which implies a consistent failure rate, in order to validate the test. The assumption of a constant failure 
rate holds significant value as it redirects attention from the overall system lifespan to the durations between 
successive failures. If the Mann test and the Laplace test both fail to identify any significant trends, the exponential 
distribution model can be employed. In the event that neither the trend test nor the Laplace test yield evidence of 
a trend, life data analysis (LDA) might be employed. The process of Latent Dirichlet Allocation (LDA) entails the 
estimation of the time-to-failure (TTF) data to conform to an appropriate lifetime distribution. In the past, the 
applicability of the LDA technique has been limited to systems that are irreparable [40]. If both the trend test and 
the Laplace test provide evidence of a trend, a repairable data analysis (RDA) will be performed. The software 
Weibull++ will be utilized for the analysis of both Time-to-Failure (TTF) and Time-to-Repair (TTR) data. The 
objective of this study is to allocate these sets of data to a certain probability distribution and determine the 
required parameters. The data produced by Weibull++ will contribute to future investigations pertaining to the 
reliability status of the equipment. In addition, the construction of the Reliability Block Diagram (RBD) in Block 
Sim requires the application of the Weibull ++ analysis parameters. The incorporation of failure modes is closely 
connected to the construction of Reliability Block Diagrams (RBDs). This study centers its examination on several 
forms of deteriorating failure modes. Consequently, a series arrangement will be employed to construct each 
Reliability Block Diagram (RBD). In other words, the occurrence of any failure modes will result in a complete 
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system failure. The application of the RBD architecture and simulation methodologies enables the evaluation of 
the relative importance of each failure mode with respect to the operational availability of the system. This will 
enable the recognition of occurrences marked by deteriorated malfunction. 

4. Results And Discussion 

4.1 Data Preprocessing and Feature Extraction Performance 
The effectiveness of the preprocessing pipeline was evaluated prior to model development to ensure data 
reliability and predictive robustness. The application of normalization significantly improved data uniformity 
across the 52 sensor variables, thereby preventing scale dominance during model training. Principal Component 
Analysis (PCA) successfully reduced the dimensionality of the dataset while preserving the dominant variance 
associated with pump degradation behavior. This dimensionality reduction enhanced computational efficiency 
and minimized redundancy among correlated sensor features. 

Furthermore, the implementation of the SMOTE effectively addressed the imbalance between normal and 
degraded operational states. The balanced dataset improved the learning capability of the predictive model and 
reduced bias towards the majority class, which is a common limitation in industrial degradation datasets. The 
improved class distribution contributed to enhanced model generalization and stability during validation. 

4.2 ANN-NAR Model Training and Predictive Accuracy 
The ANN integrated with the NAR model demonstrated excellent predictive capability in capturing nonlinear 
degradation patterns of the pump system. The regression performance plots (figures 2-8) show a strong alignment 
between predicted and actual degradation values across training, validation, and testing datasets. The model 
achieved a correlation coefficient of R= 0.9998, indicating near-perfect predictive consistency and minimal 
deviation between observed and predicted degradation trends. 

In addition to the correlation coefficient, the low mean squared error (MSE) obtained during training and 
testing phases confirms the high precision of the model. The root mean squared error (RMSE) ANS MEAN 
ABSOLUTE ERROR (mae) further indicate stable prediction performance with minimal error dispersion across 
the dataset. These results demonstrate that the hybrid ANN-NAR architecture is highly effective for modelling 
complex degradation dynamics in multi-sensor pump systems. 

Compared to conventional ML approaches commonly reported in PHM studies for rotating machinery, where 
correlation values typically range between 0.90 and 0.97, the achieved performance (R= 0.9998) indicates 
superior nonlinear mapping capability of the proposed framework. This improvement can be attributed to the 
integration of PCA-based feature extraction, SMOTE balancing and time-series learning through the NAR model, 
which collectively enhance predictive accuracy. 

This section presents an analysis of the outcomes and discoveries of the investigation. The training phase of 
the model involved utilizing 70% of the available performance data, while the remaining 30% was allocated for 
model validation purposes. The degradation predictions using machine learning is explained in detail. The 
operational availability pump is then estimated by developing a RAM model with the time to failures obtained 
from the prediction model. This study utilized a dataset consisting of pump-related sensor data for one year that 
was provided and utilized by the researcher. In the past year, there have been seven (7) system failures that may 
cause significant disruption. The data aggregation comprises a timestamp, 52 sensor data, and machine status. In 
this section, every second of sensor data is recorded, and the present condition of the machine is also delineated.  

The dataset consists of 22,0320 data elements and 55 characteristics. Within these 55 features, the time stamp 
and machine status are both of the object datatype, sensor data is of the float datatype, and the Unnamed: 0 feature 
is of the int datatype. The investigation revealed that no duplicate records exist. The label data contains three 
distinct machine state values. The condition of BROKEN signifies that the machine has failed. This status indicates 
that the system is endeavoring to recover from a failed state. Normal operation has been reached, as indicated by 
the status indicator NORMAL. 

 
1) Data Cleaning  

During the process of cleaning, it was discovered that several sensors, including sensor 50 and sensor 51, had 
more than 20% of data absent. However, sensor 15 was discovered to be completely devoid of data. After 
excluding sensors with more than 20% of data lacking, the remaining sensors were plotted. Since the provided 
data is highly unbalanced, additional preprocessing steps are necessary. The influence of uneven data on machine 
learning models is substantial, resulting in a decrease in the precision of predictions. In order to fill in the missing 
data and correct the unbalanced character of the data, the forward fill method is used for feature engineering in 
this study. 
 



70 J. Adv. Ind. Technol. Appl. Vol. 7 No. 1 (2026) p. 62-81 

 

 

2) Feature Engineering  

After analyzing the pattern of the missing data, forward fill data imputation was utilized to complete the instances 
of missing data. The reason the forward fill method was chosen to analyze the data was because the pattern of the 
missing data was moving forward. Therefore, forward fill will be the most effective method for filling in the absent 
data before the ML model is trained. After implementing the proposed fill method, the following plots were 
obtained. According to the results obtained from the plots, all missing data voids have been observed to be filled 
using the forward fill method. However, since there are so many features in the data and there is an imbalance 
issue, the next stage will be to select the highly correlated features or those that may have a greater impact on the 
prediction model. The utilization of principal component analysis (PCA) can facilitate the achievement of this 
objective, as exemplified in the subsequent section. The model is being trained in the absence of PCA 
implementation to showcase and contrast the outcomes obtained when PCA is used. The figures 2 and 3, below 
depict the results derived prior to PCA, using the logistic regression, and I bayes algorithms. 
 

 

Fig. 2 Confusion logistic regression 

 

Fig. 3 Naïve Bayes 

The logistic regression approach demonstrated superior performance based on the outcomes of the confusion 
matrix with an accuracy of 0.986%, indicating that it is a solid model. I Bayes achieved an accuracy of 0.9506. 
However, an examination of the performance metrics reveals that it is deceptive because not only does our model 
perform inadequately during training, but it also performs inadequately during testing. On the other hand, the 
confusion matrix must also be examined to ascertain what is occurring during testing. The majority of zeros are 
observed. According to the best labels function, it accurately predicted only 1s and 2s, which correspond to 
NORMAL and RECOVERING, respectively. This means that the model did not identify a single BROKEN in the test 
data. This suggests that there are two instances. Unfortunately, a model that accurately identifies when the pump 
is malfunctioning was hoped for. However, a large percentage of 2s were correctly identified, which is NORMAL. 
The model did an excellent job of identifying normal clusters, or, by analyzing the data, it could be argued that, 
since the majority of the data was normal and only a small portion was recovering or broken, the model could 
have selected 2 (normal) for all occurrences and obtained comparable results. The feature selection will be the 
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next stage in this data preprocessing level, as demonstrated in the following section, in order to rectify this 
situation. 

 
3) Feature selection 

After completing the data filling process, the next step is to select the features. It can be seen from the data that 
the numbers that fall within the range of the data distribution are not distributed in the same way. The process of 
selecting a collection of pertinent features (variables) to use in the construction of a model is referred to as 
“feature selection.” As a consequence of this, the model is going to be adversely affected by the data. As a result, 
the normalization of the data is required in order to bring the bias range of numbers down to an acceptable level 
and normalize the data. But before the data are normalized, the principal component analysis is used to determine 
the features to be used in the analysis (PCA). In the data preprocessing stage, one of the most important stages for 
machine learning diagnostic and prognostic models is feature selection and reduction. In this study, principal 
component analysis (PCA) is used to obtain nonlinear and linear representations of the original dataset in a space 
with reduced dimensionality. A heat map correlation matrix is presented to demonstrate the features that were 
selected using the PCA technique. 
 

 

Fig. 4 Heatmap correlation at n equals 0.99 and 0.92 

 

Fig. 5 Heatmap correlation at n equals 0.93 and 0.95 
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Fig. 6 Heatmap correlation at n equals 0.96 and 0.97 

 

Fig. 7 Heatmap correlation at n equals 0.98 

After plotting the correlated heatmap of the sensor to sensor at each component, it is observed the red diagonal 
which is where a feature is correlated to itself (which should be 1 because it’s itself). 
 
4) Confusion Matrix 

Following the implementation of PCA for the purpose of feature selection and the execution of the SMOTE 
technique for the purpose of fine-tuning the data, the model is trained and tested once more with the various 
algorithms that were taken into consideration for this research. On the other hand, the original model that was 
trained was better at recognizing normal occurrences in the confusion matrix than it was at recognizing broken 
and recovering ones. As a direct consequence of this, the recovering status will also be considered to be in a broken 
state because it is also a status that indicates the equipment has not yet returned to its regular state. After taking 
into account that the model is damaged and recovering from brokenness simultaneously, the model is now 
prepared to be trained and validated. The following sections contain figures of confusion matrices that contain the 
results obtained from prediction using logistic regression and I bayes algorithms. These findings can be found in 
the following sections. When SMOTE is applied to the dataset, it will become more symmetrical, and the classifier 
will then be able to be trained on the oversampled dataset. This strategy has the potential to assist in enhancing 
the classifier’s performance with regard to the minority class. After that, the datasets are trained and evaluated 
using I bayes and logistic regression (LR), respectively (NB). Fig. 9 depicts the results obtained results from the 
LR classification. The accuracy obtained with the trained model is 0.865, while the test result is 0.818. 
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Fig. 8 Trained and tested with LR 

 

Fig. 9 Trained and tested with NB 

5) Time Series Prediction  

This section discusses the degradation prediction. Having subjected the study’s data to a series of preprocessing 
steps and selected the features, this study then employs the time series ANN model for failure prediction. To 
implement the model, the network architecture must be constructed. In this investigation, the Nonlinear 
Autoregressive (NAR) model is used, as depicted in Fig.10. 

 

Fig. 10 ANN network architecture 
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6) Data Visualization  

The data used to train and test the model is split into 80% and 20% respectively. The model consists of ten (10) 
hidden layers and six (6) outputs. The Levenberg Marquardt training algorithm was used to train the algorithm. 
The performance of the model is measured with the Mean Squared Error (MSE) and the Pearson correlation 
coefficient I. The result of performance for the model is represented in Table 1. The response plot is represented 
in Fig. 11 where the observations of the deviations of the data is considered as the time to degradation which will 
represent our time to failure for the performance data in the construction of the RBD later. 

Table 1 Model performance 
 Observation  MSE R 

Training  176254 0.1227 0.9998 

Validation  22032 0.1245 0.9998 

Testing  22032 0.1357 0.9998 

 
It is apparent from the table that the model performed exceptionally well. The time series model accurately 

predicts the pump’s degraded failure, indicating the time of the failure and exhibiting high performance metrics. 
The plot in Fig. 11 illustrates the response plot, where model predictions are compared against the actual pump 
output. The predicted response closely follows the true system behavior with minimal deviation, demonstrating 
the model’s ability to accurately capture the dynamic characteristics of the system. The small error margins 
observed at certain time steps are within acceptable limits, indicating strong predictive performance and 
generalization ability of the model.  

The error distribution is minimal, with most deviations falling within acceptable limits. This is further 
confirmed by statistical performance metrics. The model achieved a low RMSE, a MAPE value below 10% 
(indicating high accuracy) and an R2 score approaching 1, which shows that the model explains nearly all the 
variability in the observed data. These results confirm the robustness and reliability of the time series model in 
predicting pump degradation and failure trends.  

 

 

Fig. 11 Response plot 

Fig. 12 shows the performance plot of the model. The best validation performance was achieved at Epoch 206 
with a mean square error MSE of 0.012453. This very low value indicates that the model has successfully 
minimized prediction errors and achieved excellent generalization between training, validation, and testing 
datasets. The close convergence of the training, validation, and test curves further demonstrates the absence of 
overfitting and highlights the robustness of the model.  
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Fig. 12 Performance plot 

4.3 Model Validation and Generalization Capbility 
The model validation results, illustrated through performance curves confirm that the training process converged 
efficiently without significant overfitting. The close agreement between training and validation performance 
indicates strong model generalization and robustness. The regression analysis also demonstrates a consistent 
distribution of prediction errors around zero, further validating the reliability of predictive framework. The 
Confusion matrix evaluation reveals high classification accuracy in distinguishing between healthy and degraded 
operational states. This confirms the models map ability to accurately detect progressive degradation stages, 
which is essential for effective prognostics and predictive maintenance planning in industrial pump systems. 

4.4 Degradation Trend Analysis and Time-to-Failure (TTF) Estimation 
The predicted degradation trajectories (Figures 13-24) show a progressive decline in system health as operational 
cycles increase, reflecting realistic wear and performance deterioration patterns observed in rotating machinery. 
The ANN-NAR model successfully captured both short-term fluctuations and long-term degradation trends, 
enabling accurate estimation of TTF. The ability to translate degradation signals into TTF estimates represents a 
significant advancement over traditional fault detection models that only provide binary failure classification. By 
forecasting degradation progression, the proposed framework enables proactive maintenance scheduling rather 
than reactive failure response. 
 
7) RAM Model 

The data includes a timestamp indicating that samples were collected between February 2020 and January 2023. 
The data sample was collected twice per year, with the exception of 2022, when it was collected roughly four 
times. The output of the data displayed was either deemed critical or normal. Due to the sample’s extremely low 
flash point, which was (PMCC), 0C = 64 and Viscosity Index = 116, the sample is rated as CRITICAL. In contrast, the 
normal sample is rated NORMAL because all observed oil properties are within acceptable limits, with the Flash 
Point (PMCC), 0C = 191 and Viscosity Index = 118.  

The time to failure (TTF) and life data analysis (LDA) were calculated from the recorded Excel sheet and 
conducted in Weibull++. Linear Discriminant Analysis (LDA) is a statistical technique used to determine the 
variables or characteristics that best separate or discriminate between distinct data classes or groups. LDA 
analysis is used in Weibull++ to identify the variables that best differentiate between various groups of failure 
data, such as failure modes, product designs, and operating conditions. In the LDA analysis of the Weibull++ 
Reliasoft software, the time to failure was calculated and data were imputed. The optimal fit was determined to 
be lognormal. 

Fig. 13 depicts the probability plot with log mean per day of 4.89, log standard deviation of 0.60, and rho of 
0.97. The calculated failure rate was 0.010 per day. In addition, the mean time to failure was determined to be 
160.66 days. This signifies that the machine reaches critical stage failure every 160 days. At day 160, the 
probability of failure is 0.615%, which is extremely high. Therefore, the equipment’s reliability at day 160 is 0.38 
(38%). Consequently, the same method is utilized to calculate and plot in Weibull++ the failure data derived from 
the previous ML model analysis. The time to failure (TTF) and life data analysis (LDA) were calculated from the 
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recorded Excel sheet and conducted in Weibull++. In the LDA analysis of the Weibull++ Reliasoft software, the 
time to failure was calculated and data were imputed. The exponential distribution was selected as the optimal 
distribution. Fig. 14 depicts the probability plot derived with a rho value of -0.840. “rho” is the Weibull 
distribution’s shape parameter. 
 

 

Fig. 13 Probability lognormal 

It is observed that the failure rate is constant as shown in Fig. 14. The calculated failure rate was found to be 
0.049 per day. The mean time to failure (MTTF) was calculated and is 20.294day. This implies that the equipment 
takes 20 days running before it reaches failure. Hence the probability of failure in in 20 days was calculated and it 
was 0.626, and finally, the reliability of the pump at 20days is 37%. The next step after the Weibull analysis is the 
development of the RBD for the RAM analysis as discussed in the following section. 

 

Fig. 14 Probability exponential 

4.5 Reliability and Availability Assessement Using RBD 
The predicted TTF outputs were incorporated into the Reliability Block Diagram (RBD) framework to evaluate 
system-level reliability performance. The RBD analysis provided quantitative estimates of Mean Time to Failure 
(MTTF), system reliability and operational availability. The computed system availability of 34.4% indicates a 
substantial reliability deficiency within the pump system under the observed operational conditions. 

From an industrial reliability perspective, critical pump systems in sectors such as oil and gas power 
generation and manufacturing typically require availability levels between 85% and 95% to ensure safe and 
continuous operation. Therefore, the observed availability of 34.4% suggests significant degradation, frequent 
failure likelihood and inadequate maintenance optimization. This finding highlights the necessity for 
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implementing predictive maintenance strategies, condition-based monitoring and potential redundancy design to 
enhance system reliability and operational continuity. 

The RBD Is Intended to estimate the pump's operational availability. This, in turn, facilitates maintenance 
application decision making. Before inputting the data into the RBD, the failure modes were validated according 
to the OREDA handbook and the repair time of each identified mode type was determined. According to the 
observations, the defects evaluated in this study correspond to the following degraded modes in the OREDA: 
External leakage-process (ELP), vibration (VIB), external leakage-utility medium (ELU), low output (LOP), and 
incipient external leakage (IPT). All of these will represent the degraded failure RBD, whereas the oil lubrication 
failure data will be represented by the functional failure RBD, as shown in Figures 15 and 16. After the RBD 
construction, the model is simulated and evaluated. The availability is estimated and plotted as shown in Fig. 17. 

 

 

Fig. 15 RBD of performance parameters 

 

Fig. 16 RBD of failures 

 

Fig. 17 Estimated availability 

In this study, the RBD simulation of the pump system yielded an availability result of 34%, which indicates 
that it is anticipated that the system will be available or operational for 34% of the specified time period. This 
result suggests that the pump system may experience a substantial quantity of downtime or failures, which may 
hinder its capacity to perform its intended function. The acquired result indicates that the system’s reliability and 
availability can be significantly enhanced. By identifying the specific causes of downtime and implementing the 
corresponding solutions, the system’s performance can be enhanced and the effect of defects on its function or 
mission can be mitigated. 

Unlike many existing PHM studies that focus solely on predictive accuracy metrics, this research integrates 
machine learning-based degradation prediction with reliability engineering analysis through RBD modelling. 
Previous studies on rotating machinery often report high diagnostic accuracy but do not extend their analysis to 
availability and reliabilty quantification. The proposed framework addresses this limitation by providing a direct 
analytical linkage between degradation prediction and system reliability metrics. 
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Addition, conventional reliability models rely on historical failure distributions and and static assumptions, 
which may not accurately reflect real-time degradation behaviour. In contrast, the data-driven ANN-NAR-RBD 
integration captures dynamic degradation patterns, thereby offering a more realistic and adaptive reliability 
assessment approach. This integration enhances decision-support capability for maintenance engineers 
compared to standalone statistical or machine learning models. 

The results of this study have significant implications for industrial asset management and predictive 
maintenance. The low availability value obtained from the RBD analysis indicates that the pump system is 
operating under high reliability risk conditions, which could lead to increased downtime, maintenance cost, and 
operational inefficiencies if not addressed. By implementing the proposed PHM framework, industrial operators 
can detect early degradation, forecast failure timelines, and optimize maintenance scheduling to reduce 
unexpected breakdowns. 

In oil and gas facilities, manufacturing plants and water treatment systems where pumps operate 
continuously, the integration of multi-sensor monitoring with machine learnig prognostics can sustantially 
improve equipment lifecycle management. The framework also supports condition-based maintenance decision-
making, which is more cost-effective than traditional time-based maintenance strategies. 

Despite the high predictive accuracy achieved, certainties may influence the interpretation of results. Sensor 
noise, environmental variations and operational load fluctuations can affect degradation signals and prediction 
stability. Although preprocessing techniques such as normalization, PCA and SMOTE were implemented to 
migitigate these effects, residual uncertainties may still exist in real-world industrial applications. 

Furthermore, the study utilized a single pump dataset, which may limit the generalizability of the results to 
other rotating machinery systems. The deterministic nature of the RBD model also assumes consistent failure 
behaviour, whereas actual industrial systems may exhibit stochastic degradation characteristics. Future studies 
incorporating probablistic reliability modelling and larger multi-equipment datasets would further enhance the 
robustness and applicability of the proposed framework. 

5. Conclusion  
In this study, failure data and performance data for a pump’s PHM were integrated using an Artificial Neural 
Network (ANN) for failure prediction and Reliability Block Diagram (RBD). The time to failure from the ML model 
and failure data were then used to construct a Reliability Block Diagram (RBD) for the pump’s availability. 
Integration of failure data and performance data, along with the use of an ANN for degraded failure prediction, led 
to accurate predictions of pump failure, according to the study’s findings with the R value of 0.9998 and an MSE 
of 0.1245. The RBD analysis supplied a valuable tool for evaluating the pump’s reliability. The mean time to failure 
obtained with the functional failure data was determined to be 160.66 days. While the mean time to failure 
obtained with the performance data was 20.294day. The MTTFs were used to build the RBD and the obtained 
availability result of 34%. The findings of this study indicate that integrating failure data and performance data, 
as well as utilizing advanced analytics techniques such as ANN and RBD, can be an effective method for predicting 
and monitoring the reliability of pumps in real-time, thereby enabling more efficient and effective maintenance 
and repair strategies. 

This study developed an integrated Prognostics and Health Management (PHM) framework that combines 
machine learning-based degradation prediction with Reliability Block Diagram (RBD) modelling for reliability and 
availability assessment of industrial pump system. The proposed methodology utilized multi-sensor operational 
and performance data, advanced preprocessing techniques, and predictive modelling tools to establish a data-
driven reliability evaluation approach suitable for complex rotating machinery. 

A comprehensive data processing pipeline involving data cleaning, normalization, PCA and SMOTE was 
implemented to enhance data quality and address class imbalance. Subsequently, an ANN model, supported by 
NAR time series modelling, was developed to predict degradation trends and estimate TTF with high predictive 
accuracy. The model validation results demonstrated excellent performance, with a correlation coefficient R= 
0.9998 and low MSE, confirming the robustness of the predictive framework for degradation forecasting in pump 
systems.  

The predicted degradation outputs were successfully integrated into RBD framework to quantify system-level 
reliability metrics, including MTTF and operational availability. The commuted availability of 34.4% indicates a 
significant level of performance degradation and reliability vulnerability within the pump system under study. 
From an industrial perspective, this low availability suggests the need for predictive maintenance scheduling, 
condition-based monitoring, and potential redundancy design to enhance system reliability and reduce unplanned 
downtime. 

The key contribution of this research lies in bridging the gap between machine learning-driven PHM and 
classical reliability engineering by providing a unified anlytical framework that translates degradation preditions 
into actionable reliability and availability metrics. Unlike conventional studies that rely solely on vibration or 
performance indicators, this work integrates functional data, time series degradation modelling and system-level 
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RBD analysis within a single predictive maintenance architecture. The framework is scalable and adaptable to 
various industrial applications, including oil and gas, mamufacturing and process industries were pump reliability 
is critical. 

6. Study Limitations 
Despite the promising results, several limitations should be acknowledged. First, the study is vbased on single 
pump system dataset, which may limit the generalizability of the model to other types of rotating euipment such 
as compressors, turbines or multi-stage pumping systems. Second, the dataset size, although substantial, may not 
fully capture long-term degradation variability under diverse operatimg conditions, including extreme load 
fluctuations and environmental disturbances. Third, the predictive model relies heaviliy on sensor data uality; any 
inaccuracies, noise, or sensor failure could affect model robustness and reliability estimation. 

Additionally, the ANN model, while highly accurate, was not extensively benchmarked against multiple 
alternative ML algorithms such as Support Vector Machines (SVM), Random Forrest (RF) or Gradient Boosting 
(GB) which could provide further validation of model superiority. Another limitation is the deterministic nature 
of the RBD modelling approach, which assumes fixed failure behaviour and does not explicity incorporate 
stochastic uncertainty or probablistics failure distributions. Furthermore, the framework was validated using 
offline historical data rather than real-time streaming data, which may affect its direct implementation in live 
industrial environments. 

7. Future Research Directions 
Future research should focus on expanding the framework to include larger and more diverse multi-euipment 
datasets to enhance model generalizability and robustness. The integration of real-time Internet of Things (IOT) 
sensor networks and cloud-based monitoring platforms would enable continuous health assessment and real-
time prognostics for industrial pump systems. Additionally, hybrid modelling approaches that combine machine 
learning with probablistic reliability methods, such as Monte Carlo simulation and Bayesian reilability analysis, 
should be explored to capture uncertainty in degradation behaviour more effectively. 

Further studies should also include comparative bemchmarking of ANN models against other advanced 
machine learning  techniues, such as Random Forest (RF), Support Vector Machines (SVM) and Deep Learning 
(DL) architectures, to validate predictive sueriority across different operational scenarios. Moreover, the 
extension of the proposed framework to other rotating machinery, including turbines, compressors and gear 
systems, would broaden its industrial applicability. Finally, future work should investigate the integration of 
digital twin technology and adaptive PHM systems for autonomous maintenance decision-making in industry 4.0 
environments. 
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