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Abstract 

Predictive maintenance (PdM) has proven to be a critical strategy for minimizing down-
time and optimizing operational efficiency in industrial systems. In this work the authors 
propose a data-driven PdM framework for circulating water pumps (CWPs), combining 
statistical analysis with machine learning. This begins with the analysis of a multivariate 
time-series dataset consisting of 51 sensors monitoring motor electrical parameters, pump 
hydraulics, vibration, temperatures, broken states, recovery states and finally normal 
states. With the help of a statistical analysis, utilizing boxplots and both Pearson and 
Spearman correlation indices, the aim is to identify the key degradation parameters. No-
tably, motor phase current (Pearson r = −0.872), pump vibration (r = −0.809), and discharge 
pressure (r = −0.732) showed the strongest negative correlation with failure states, reveal-
ing a complete system shutdown pattern during failure conditions. Applying these results 
to the development of a Random Forest classification model was the next step. Due to 
class imbalance and label interpretation challenges, i.e., normal state, broken state and 
recovery state, the reformulation of the multi-class problem into a binary task focusing on 
“at-risk” states was executed. Therefore, this led to the critical finding of the reversal of 
conventional state labels, where RECOVERING states were found to correspond to inac-
tive post-shutdown conditions requiring maintenance intervention, whereas BROKEN 
states exhibited characteristics more consistent with partial degradation. Lastly, the sta-
tistically selected feature model achieved a Recall of 0.76, a Precision of 0.70 and an F1-
score of 0.73. Furthermore, a physics-based grouped subsystem representation combining 
vibration, electrical, hydraulic, thermal and rotational measurements substantially im-
proved classification performance, achieving a Precision = 0.997, a Recall = 0.992 and an 
F1-score = 0.995. These results demonstrate the effectiveness of combining statistical anal-
ysis, engineering knowledge and machine learning for the predictive maintenance of in-
dustrial pumping systems. 
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1. Introduction 
In industry, circulating water pumps (CWPs) represent essential components in cool-

ing, heat-transfer, and fluid-circulation systems; therefore, verifying their good operation 
proves necessary for maintaining production continuity, equipment safety, and cost-ef-
fective maintenance. Over the years, maintenance strategies have evolved from corrective 
(reacting after failure) to preventive (scheduled servicing) and now to predictive mainte-
nance (PdM)—where faults are anticipated before they manifest [1]. Predictive mainte-
nance leverages real-time and known sensor data, like advanced analytics such as statis-
tical analysis and machine learning (ML), to detect changes in equipment behavior that 
may serve as a signal of degradation or future failure. The scientific evolution from pre-
ventive to predictive maintenance has been mainly driven by the goal to reduce down-
time, optimize scheduling, extend asset life, and improve system reliability [2]. As in 
many mechanical systems, the pump system also faces many challenges such as failure 
modes from hydraulic instabilities, from bearing wear, from sealing degradation, from 
motor overload and from cavitation and flow blockages. Problems such these can lead to 
severe efficiency loss or catastrophic downtime [3]. 

Recent advancements in PdM research have expanded its scope, changing its profile. 
For example, in the work of [3,4] one may see the transition from condition monitoring to 
prognostics, incorporating machine learning with the necessary statistical analysis and 
modeling in order to achieve a more accurate prediction of asset health and remaining life 
[5,6]. Studies [7,8] have demonstrated that integrating vibration, temperature, and electri-
cal signal analysis with ML algorithms provides a clearer image of the physical problem 
at hand, for it helps with feature extraction and anomaly detection capabilities [9–11]. For 
rotating equipment such as centrifugal and circulating pumps, data-driven PdM frame-
works have been shown to present early signs of hydraulic and mechanical degradation, 
offering the opportunity for a proactive intervention before total failure [3,12–14]. Moreo-
ver, hybrid approaches to diagnosis involving expert systems, fuzzy-logical processes, 
and more sophisticated vibration analyses have increased detection precision when vary-
ing loads are being applied [15–17]. Therefore, on account of this analytical assistance, one 
can arrive at conclusions pertaining to a meaning being derived within a sensor-based 
PdM system concerning precision and transparency within operations. 

Recent advancements in Prognostic and Health Management (PHM) are focusing on 
non-invasive monitoring of complex mechanical assemblies such as Rotate Vector (RV) 
reducers in robotics. Specifically, researchers in [18,19] have extracted, selected and re-
duced features from embedded electrical current signals and managed to train high-accu-
racy classifiers. The framework created has been able to isolate subtle mechanical degra-
dation even in cases where the faulty component is distinct from the motor itself. 

Recent research has shifted toward deep learning frameworks: by utilizing embed-
ded electrical current data, recent models have succeeded in extracting deep features ca-
pable of generalizing across variable speed profiles [20]. Those studies are considered 
novel due to the fact that they do not utilize traditional vibration or acoustic emission 
sensors and demonstrated robust fault classification performance even during the evalu-
ation of unseen operating data, therefore offering scalable solutions for real world indus-
trial cases. 

Raouf et al. [21], emphasized the importance of aircraft landing gear (LG) parts for 
flight safety, discussing the parts and their related faults. Another study identified sensor-
based PHM, emphasizing different fault identification and isolation (FDI) techniques with 
challenges and gaps existing in this field [22]. 

Despite these advancements, there are a number of critical challenges that still need 
to be overcome to better accomplish strong PdM processes for CWPs: 
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• Data imbalance: Just like in our case, there is less occurrence of faults compared to 
normal operating conditions, causing these results to be biased [6]. 

• Feature selection and interpretability: The choice among several features available 
(such as motor current, pressure, and vibration) remains a challenge to this date [1]. 
As will become apparent, both vibration and temperature factors will demonstrate 
to be very relevant to our choice of features. 

• Generalization and scalability: Most research is done at a lab or pilot scale, but less 
validation on an industrial level is available [2–4]. The identification of an appropri-
ate dataset is an essential part of understanding a phenomenon. 

• Non-stationarity and fault evolution: As per definitions, degradation trends of 
pumps are generally non-linear and involve multiple stages such that standard linear 
correlations may not capture these processes [1–6]. 

Within this work, we deal with these problems using a 51-sensor CWP dataset, which 
provides information on electrical, hydraulic, vibration, and thermal variables. The goals 
are as follows: 

1. To execute a full-blown statistical investigation using both visual (boxplots) and 
quantitative (Pearson and Spearman) correlation tests. As indicated above, such a 
system is rather unpredictable when it comes to its irregular behavior. Thus, it is ab-
solutely imperative to discover crucial variables involved within faulty progression 
processes [23,24]. 

2. Developing a machine learning-based PdM model, which uses these statistical find-
ings to identify an “at-risk” state to make proactive maintenance decisions. 

An important finding within this dataset regards how it is revealed that RECOVER-
ING states exhibited characteristics consistent with inactive post-shutdown conditions, 
whereas BROKEN states exhibited behavior more consistent with partial degradation. 
The proposed hybrid statistical and ML framework is therefore designed not only to pre-
dict faults but also to reinterpret operational state information for more accurate mainte-
nance planning in real-world pump systems. 

The remainder of the paper is structured as follows. Section 2 presents the dataset 
and preprocessing procedures. Section 3 describes the proposed statistical and machine 
learning methodology. Section 4 presents the experimental results and model evaluation. 
Section 5 discusses the findings, limitations, and implications for predictive maintenance 
of industrial pump systems. 

2. Data Description and Preprocessing 
The analysis in this paper is based on the Pump Sensor Data dataset, an openly avail-

able multivariate time-series dataset hosted on Kaggle [25]. The dataset contains opera-
tional measurements collected from an industrial circulating water pump system under 
real operating conditions. 

The dataset comprises approximately 220,000 time-series observations recorded from 
51 sensors, capturing a wide range of system variables that include electrical variables like 
motor phase currents, frequency, and active and reactive power; mechanical variables like 
vibration signals, shaft dynamics, and bearing conditions; hydraulic variables like suction 
and discharge pressures and flow rates; and finally thermal variables like bearing tempera-
tures and lubrication oil temperatures. The dataset�s structure makes it well-suited for sta-
tistical characterization, correlation analysis, and supervised machine learning tasks, as it 
contains both continuous sensor readings, such as temperature and pressure, and categori-
cal operational labels, such as the normal state, recovery state, and broken state [26–28] 
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This diversity of measurements provides a comprehensive representation of the 
pump�s operational behavior and enables us to study degradation patterns from a multi-
ple physical perspective. 

The observations come with an operational state label. The states are the following: 
NORMAL, steady-state operation; RECOVERING, transitional state following a disturb-
ance or shutdown, and BROKEN, degraded or faulty operation. 

However, it is important here to note that the dataset lacks detailed metadata. For 
instance, it is lacking sensor placement and calibration, pump type and configuration and 
maintenance records or failure annotations. These limitations are acknowledged and dis-
cussed in the section to follow, as they affect the physical interpretation of the results. 

In addition, one has to mention that the dataset is highly imbalanced, with failure-
related events being significantly underrepresented. In the original dataset, the number 
of explicitly labeled BROKEN states is extremely limited (on the order of only a few in-
stances across the dataset), while RECOVERING states account for a small but non-negli-
gible portion of the data. In order to address this imbalance and enable effective model 
training, the predictive maintenance task was reformulated into a binary classification 
problem, distinguishing between two states, that is, the normal operation (NORMAL) and 
the At-Risk operation (RECOVERING + BROKEN). This step was necessary for the anal-
ysis of the problem, and it was motivated by both statistical evidence and operational 
considerations. Specifically, the statistical analysis revealed that RECOVERING states ex-
hibit near-zero values across key operational variables, including motor current, vibra-
tion, and discharge pressure, indicating complete system shutdown rather than recovery. 
This behavior suggests that RECOVERING states correspond to critical conditions requir-
ing maintenance intervention and should therefore be treated as part of the failure class. 

A detailed analysis of the data revealed that missing values were present in a small subset 
of sensor channels. Overall, most sensor channels contained very few missing observations. 
However, Sensor 50 (discharge pressure) exhibited a substantially higher missing-value rate 
of approximately 35%, likely due to sensor outage or communication interruptions. 

In order to address this issue the missing values were handled using linear interpo-
lation for time-series continuity and exclusion or cautious interpretation of highly de-
graded signals. Furthermore, strong correlations between variables—such as motor cur-
rent and discharge pressure—were leveraged to maintain monitoring capability in cases 
of sensor failure. 

Due to the nature of the data, it is very crucial to note that the dataset underwent sev-
eral preprocessing steps such as normalization. The normalization was used in order to en-
sure comparable scaling across variables and prevent bias in the machine learning model, 
and finally the continuous data stream was analyzed at the sample level. In addition, phys-
ics-based grouped subsystem features were constructed by aggregating sensors belonging 
to the same engineering category. The dataset was divided into a 70% training set, 15% val-
idation set (used for hyperparameter tuning) and 15% test set (used for final evaluation). 

As a first step, a statistical correlation analysis, e.g., Pearson and Spearman indices, 
was performed in order to establish the crucial variables. Variables exhibiting strong cor-
relation with the target labels—such as motor current, vibration, and discharge pressure—
were identified as key predictors and prioritized in the model development stage. 

Lastly, taking into consideration the lack of ground-truth failure mode annotations, 
the absence of maintenance logs or operational context and the uncertainty regarding sen-
sor placement and system configuration, there exists a limitation on the ability to directly 
link observed data patterns to specific physical failure mechanisms. Nevertheless, the da-
taset remains valuable for evaluating data-driven predictive maintenance approaches and 
identifying statistically significant indicators of abnormal system behavior. 
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3. Methodology 
The proposed predictive maintenance (PdM) framework follows a structured, data-

driven pipeline designed to detect early signs of degradation in circulating water pumps 
using multivariate sensor data. The methodology integrates statistical analysis with ma-
chine learning to enhance both predictive performance and interpretability. 

The steps followed were data preprocessing, statistical feature analysis, feature se-
lection, machine learning model development, and model evaluation, see Figure 1. 

 

Figure 1. Proposed predictive maintenance framework. 

This hybrid approach enables the identification of meaningful degradation patterns 
while maintaining robustness in the presence of class imbalance. 

Firstly, in order to identify the most informative variables for fault detection, an ini-
tial statistical analysis was performed using both visual and quantitative methods. 

Boxplots were generated for all sensor variables across the three operational states 
(NORMAL, RECOVERING, and BROKEN) to examine distributional differences. This 
analysis revealed that several key variables exhibit abrupt shifts rather than gradual deg-
radation trends. Specifically, as shown in Figure 2, motor current, vibration, and discharge 
pressure showed significant reductions during RECOVERING states. The interquartile 
range of these variables collapsed, indicating near-zero operational activity. 

Proposed Predictive Maintenance Framework

Raw Pump Sensor Data
(51 Sensors)

Data Preprocessing
(Missing Values, Cleaning)

Statistical Analysis
(Pearson, Spearman, Boxplots)

RECOVERING State Reinterpretation
(RECOVERING  At-Risk)

Feature Selection
(Correlation + Physics)

Subsystem Feature Construction
(Vibration, Electrical, Hydraulic, Rotational, Thermal)

Machine Learning Models
(Logistic, DT, SVM, RF)

Final At-Risk Predictor
(Threshold Optimization)
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Figure 2. Distribution of representative thermal sensor measurements across NORMAL, BROKEN 
and RECOVERING operating states. 

From Figure 2, bearing and thrust temperatures exhibit clear differences between op-
erating states, with the RECOVERING state characterized by substantially lower temper-
atures. This behavior is consistent with reduced pump activity or shutdown-like operat-
ing conditions. In contrast, BROKEN states exhibit intermediate distributions, suggesting 
partial functional deterioration rather than complete loss of operation. Therefore, the ob-
served temperature reduction during RECOVERING states supports the interpretation 
that these observations are associated with inactive or post-shutdown conditions rather 
than simple degradation. 

Moving on, we have the statistical analysis with the help of the correlation coeffi-
cients. In order to quantify relationships between sensor variables and system states, two 
correlation measures were used, namely the Pearson correlation coefficient (r), which 
helps capture linear relationships between variables, and the Spearman correlation coef-
ficient (rho), which helps capture monotonic (possibly non-linear) relationships. As one 
may see form the figures below, the Pearson correlation matrix (Figure 3) shows strong 
positive relationships between sensor variables during normal operation. 

For visualization purposes, Figures 3 and 4 present the six variables exhibiting the 
strongest statistical relationship with the target class. 

In contrast, from the Spearman matrix above (Figure 4), which is used to capture 
monotonic but non-linear correlations, it is obvious from the sensors of temperature and 
vibration behavior at hand that the phenomenon, though not strictly linear, as expected, 
it still exhibits degradation. 

Feature selection was guided by a combination of statistical correlation analysis and 
distributional separation observed in boxplots. First, Pearson correlation coefficients were 
computed between each sensor signal and the binary target variable (Normal = 0, At-Risk 
= 1). Features with an absolute correlation value greater than 0.4 (|r| > 0.4) were consid-
ered statistically significant. The threshold of 0.4 was selected as a compromise between 
retaining physically meaningful predictors and avoiding the inclusion of weakly corre-
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lated variables. In engineering applications, correlation magnitudes above 0.4 are com-
monly interpreted as moderate-to-strong relationships suitable for preliminary feature se-
lection. Second, boxplot analysis was used to evaluate the discriminative power of each 
feature, as shown in Figure 2. Sensors were retained if their distributions exhibited clear 
separation between operational states. Therefore, based on this process, key features in-
cluded the variables like motor phase current, vibration signals, discharge and inlet pres-
sure and bearing temperatures. Although several selected variables exhibit mutual corre-
lation, no additional redundancy-removal procedure was applied because Random Forest 
models are relatively robust to multicollinearity. In addition, retaining correlated varia-
bles preserves physically distinct information originating from different pump subsys-
tems, including electrical, hydraulic, thermal, and vibration-related measurements. 

 

Figure 3. Pearson correlation matrix among selected sensor variables. 

 

Figure 4. Spearman correlation matrix among selected sensor variables. 

The analysis, as one may see in Table 1, revealed strong negative correlations be-
tween key sensor variables and failure-related states like we have with the motor phase 



Machines 2026, 14, 771 8 of 18 
 

https://doi.org/10.3390/machines14070771 

current: r = −0.872, with a pump vibration r = −0.809, and with the discharge pressure r = 
−0.732. These findings indicate that failure conditions are associated with a collapse of 
operational signals, consistent with system shutdown rather than gradual degradation. 
Pearson correlations were computed with respect to the binary target variable (Normal = 
0, At-Risk = 1). 

Table 1. Strongest failure correlations. 

 Pearson r Corre-
lation Indices 

Spearman ρ Cor-
relation Indices 

Failure Pattern 

Motor Phase  
Current −0.872 −0.427 96% drop—Near-zero current 

Motor Vibration −0.809 −0.244 98% drop—Mechanical standstill 
Discharge Pressure −0.732 −0.505 80% drop—Hydraulic collapse 

Continuing with the analysis of the data, a Random Forest (RF) classifier was selected 
due to its robustness to noise, ability to model non-linear relationships and built-in feature 
importance estimation. The Random Forest model was implemented with the following 
hyperparameters: (a) number of trees (n_estimators) 200, (b) maximum tree depth 
(max_depth) 12, (c) minimum samples per split 5, (d) minimum samples per leaf 2 and 
splitting criterion Gini impurity. Then, the hyperparameters were optimized using Ran-
dom Search with n_estimators ∈ [100, 500], max_depth ∈ [5, 20], min_samples_split ∈ [2, 
10], number of iterations 50, and a validation strategy of 5-fold cross-validation on the 
training set. 

Class weighting was utilized to address the imbalanced nature of the dataset; specif-
ically, the weight was defined as 

i
i

Nw
2N

=  

where iN  is the number of samples in class i. The model evaluation used was executed 
using metrics suitable for imbalanced classification like Recall, Precision, and F1-score, 
and the model performance was analyzed using Precision–Recall (PR) curves and thresh-
old-based analysis. 

In order to avoid the detection of false alarms and balance the outcome, several tests were 
run and the classification threshold was varied. For example, we have the following results: 

Threshold = 0.4 → high Recall, lower Precision; 
Threshold = 0.5 → balanced sensitivity and Precision; 
Threshold = 0.6 → highest F1-score and improved Precision while maintaining the 

same Recall level. 
The threshold optimization study demonstrated that a threshold value of 0.6 pro-

vides the best overall balance between Precision and Recall. At this operating point the 
model achieved a Recall of 0.76, a Precision of 0.70 and an F1-score of 0.73. Consequently, 
a threshold of 0.6 was selected for the final predictive maintenance framework. 

Lastly, a feature importance was extracted from the Random Forest model to identify 
the most influential predictors. These were (a) the motor phase current, (b) the bearing 
temperature, and (c) the pump pressure. The results obtained were consistent with the 
statistical analysis showing the robustness of the feature selection process. 

All statistical analyses, machine learning experiments, and visualizations presented in 
this study were performed using MATLAB R2016b. Data preprocessing included missing-
value handling, normalization, sample-level preprocessing and grouped-feature construc-
tion, boxplot analysis, and Pearson and Spearman correlation calculations. The machine 
learning models, including Decision Tree, Random Forest, Logistic Regression, and Support 
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Vector Machine classifiers, were implemented using MATLAB�s Statistics and Machine 
Learning Toolbox. Hyperparameter optimization was performed using Random Search 
combined with five-fold cross-validation, while model evaluation was conducted using con-
fusion matrices, Precision–Recall analysis, Recall, Precision, and F1-score metrics. 

The continuous data stream was analyzed at the sample level. In addition, physics-
based grouped subsystem features were constructed by taking into consideration sensors 
belonging to the same engineering category, including vibration, electrical, hydraulic, 
thermal, and rotational subsystems. This grouping reduced dimensionality and sensor 
noise while preserving the physical structure of the pump system. Feature grouping was 
performed exclusively using engineering subsystem definitions and did not use class la-
bels, target information, or test-set information during feature construction. 

4. Results 
The statistical analysis provided important insights into the behavior of the pump 

system under different operational states. Namely, the boxplot analysis revealed distinct 
differences between NORMAL, RECOVERING, and BROKEN states. In particular, the 
NORMAL states exhibited stable distributions with consistent median values across sen-
sors where the RECOVERING states showed near-zero values for key variables, such as 
motor current, vibration, and discharge pressure, and finally, BROKEN states exhibited 
moderate deviations, indicating partial degradation. These observations suggest that RE-
COVERING states correspond to complete system inactivity, while BROKEN states rep-
resent intermediate degradation conditions. 

The correlation analysis, as shown in Table 1, confirmed strong relationships between 
key variables and failure states. The most significant findings showed strong negative cor-
relations, indicating that failure conditions are characterized by a simultaneous collapse 
of electrical, mechanical, and hydraulic signals, consistent with system shutdown or pro-
tection-triggered behavior. 

Taking into consideration the limited number of BROKEN observations, the pro-
posed Random Forest model was evaluated using a binary classification setup (Normal 
vs. At-Risk). The initial binary Random Forest model achieved a Precision of 0.50, a Recall 
of 0.76 and an F1-score of 0.60. The corresponding confusion matrix is presented in Table 
2. Although the model successfully identified the majority of At-Risk conditions, its Pre-
cision remained moderate due to false-positive alarms. In order to improve the balance 
between sensitivity and Precision, a threshold optimization study was subsequently per-
formed using Precision–Recall analysis. Following threshold optimization, the final model 
achieved a Precision of 0.70, a Recall of 0.76 and an F1-score of 0.73 at the selected operat-
ing threshold of 0.6. The healthy F1-score value of 0.73 shows that our reformulation 
achieved success in forming a useful predictor, which obviously helped us to avoid more 
complex sampling methods [6]. 

Table 2. Binary Random Forest classification results using statistically selected features. 

 Predicted Normal Predicted At-Risk 
True Normal 65,962 58 
True At-Risk 18 58 

The confusion matrix above provides a detailed view of the classifier�s performance. 
Out of 66,020 normal operating instances, 65,962 were correctly classified, while only 58 
generated false alarms. Similarly, among the 76 At-Risk observations, 58 were correctly 
identified and only 18 were missed. These results confirm that the proposed framework 
is highly effective at preserving normal-operation recognition while simultaneously de-
tecting the majority of failure-related conditions. The relatively small number of false pos-
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itives demonstrates that the model remains practical for industrial deployment, where 
excessive alarms may lead to unnecessary maintenance interventions. 

Therefore, from Table 3 one may deduce that the grouped-feature Random Forest 
achieved (1) a Precision of 0.997, (2) a Recall of 0.992 and (3) an F1-score of 0.995. The 
dramatic improvement in performance is primarily attributable to the reformulation of 
the feature space through subsystem-level aggregation. By combining highly correlated 
sensors into physically meaningful indicators, the grouped representation substantially 
reduced sensor noise and increased the separation of class. 

Table 3. Random Forest classification results using physics-based sensor groups. 

 Predicted Normal Predicted At-Risk 
True Normal 61,739 12 
True At-Risk 35 4310 

To further investigate the influence of physical system behavior on predictive perfor-
mance, the sensors were grouped according to their engineering function, including vi-
bration, electrical, hydraulic, thermal and rotational characteristics. The resulting 
grouped-feature Random Forest model produced substantially improved classification 
performance. As shown in Table 3, only 12 false alarms and 35 missed At-Risk cases were 
observed. This result suggests that physically meaningful feature aggregation captures 
system-level degradation mechanisms more effectively than individual sensor measure-
ments. The findings indicate that predictive maintenance performance benefits not only 
from machine learning algorithms but also from incorporating engineering knowledge 
into the feature construction process. 

To further evaluate the effectiveness of the proposed grouped-feature representation, 
additional experiments were performed using four different classifiers trained on the 
same train–test partition and preprocessing pipeline. The results are presented in Table 4. 
Logistic Regression exhibited the lowest performance (F1-score = 0.625), indicating that 
the relationship between the grouped subsystem indicators and pump health is not purely 
linear. In contrast, the non-linear classifiers achieved substantially higher performance. 
Decision Tree and Support Vector Machine achieved F1-scores of 0.989 and 0.962, respec-
tively, while Random Forest achieved the highest overall performance (Precision = 0.995, 
Recall = 0.993, and F1-score = 0.994). These results demonstrate that the grouped subsys-
tem representation provides strong discriminatory information and further justifies the 
selection of Random Forest as the final predictive maintenance model. 

Table 4. Comparison of classifiers using grouped subsystem features. 

Model Precision Recall F1-Score 
Logistic Regression 0.705 0.562 0.625 

Decision Tree 0.990 0.988 0.989 
Support Vector Machine 0.936 0.989 0.962 

Random Forest 0.995 0.993 0.994 

To assess the robustness of the proposed framework, an additional Gradient Boosted 
Tree classifier was evaluated using the same grouped subsystem features and train–test 
partition. The model achieved Precision = 0.991, Recall = 0.985 and F1-score = 0.988. Alt-
hough the performance was comparable to that of Random Forest, the latter achieved the 
highest overall F1-score (0.994). These results indicate that the predictive capability pri-
marily originates from the physically meaningful grouped features rather than from a 
specific machine learning algorithm. 
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To assess the effectiveness of the proposed approach, the Random Forest model was 
compared against several baseline classifiers provided in the following table. 

For completeness, Table 5 presents the corresponding classifier comparison using the 
original statistically selected sensor variables prior to the physics-based grouping proce-
dure. In contrast, Table 4 presents the results obtained using the physics-based grouped 
subsystem features. 

Table 5. Baseline classifiers. 

Model Recall Precision F1-Score 
Logistic Regression 0.62 0.58 0.60 

Decision Tree 0.70 0.65 0.67 
SVM 0.68 0.63 0.65 

Random Forest (proposed) 0.76 0.70 0.73 

Continuing with the analysis, in order to evaluate the contribution of different sensor 
groups, a study was conducted by training the model using different subsets of features. 

As seen in Table 6, electrical and mechanical features contribute most significantly to 
failure detection, whereas hydraulic features provide complementary information but are 
less predictive alone. 

Table 6. F1-score on different subsets of features. 

Feature Set Description F1-Score 
Electrical only Motor current, power, frequency 0.65 

Mechanical only Vibration, shaft signals 0.68 
Hydraulic only Pressure, flow 0.64 
Thermal only Temperature sensors 0.66 

Selected features (proposed) Key correlated variables 0.71 
All features Full sensor set 0.72 

The selected feature subset achieves near-optimal performance, confirming the effec-
tiveness of the statistical feature selection process. This demonstrates that combining mul-
tiple sensor modalities improves predictive performance and robustness. 

The feature importance analysis confirms the statistical findings obtained from the 
Pearson and Spearman correlation analyses. Variables associated with electrical load, vi-
bration, and hydraulic behavior consistently emerge as the most informative predictors, 
reinforcing their physical relevance to pump degradation and shutdown behavior. 

The feature importance analysis highlights motor casing vibration as the dominant pre-
dictor of risk, followed by motor frequency and pressure-related variables. This finding is 
physically meaningful because pump shutdown or severe degradation simultaneously af-
fects the mechanical, electrical, and hydraulic subsystems. A reduction in vibration reflects 
the loss of rotational motion, changes in frequency indicate alterations in motor operation, 
and pressure collapse reflects the loss of hydraulic performance. The agreement between 
feature importance rankings and the correlation analysis strengthens confidence in the pro-
posed feature selection strategy and demonstrates that the model is capturing physically 
interpretable degradation mechanisms rather than purely statistical relationships. 

Feature importance values correspond to normalized Random Forest predictor im-
portance scores obtained from the decrease in Gini impurity. Figure 5 presents the Ran-
dom Forest predictor importance estimates. Motor casing vibration was identified as the 
most influential variable, followed by motor frequency and pressure-related measure-
ments. The effect of the classification threshold on model performance was evaluated us-
ing Precision–Recall curves. As shown by these curves, seen in Figures 6 and 7, lower 
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thresholds (e.g., 0.4) increase Recall but reduce Precision, whereas higher thresholds in-
crease Precision at the expense of missed detections. The threshold optimization analysis 
indicates that a threshold value of 0.6 provides the best compromise between these com-
peting objectives, yielding the highest F1-score (0.73) while maintaining a Recall of 0.76. 

 

Figure 5. Relative feature importance estimated by the Random Forest classifier for selected physi-
cally meaningful sensor variables. 

 

Figure 6. Precision–Recall Curve with selected thresholds. 
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Figure 7. F1-Score vs. risk threshold. 

This flexibility allows the model to be adapted to different operational requirements 
like safety-critical systems, which will imply the prioritization of Recall, whereas re-
source-constrained systems will prioritize Precision. 

Lower thresholds increase sensitivity to failure detection, while higher thresholds 
improve prediction Precision. The threshold optimization analysis improved the initial 
binary classifier from a Precision of 0.50 and F1-score of 0.60 to a Precision of 0.70 and F1-
score of 0.73, while maintaining the same Recall value of 0.76. This demonstrates that 
threshold tuning substantially reduced false alarms without sacrificing the ability to de-
tect At-Risk operating conditions. 

Figure 7 illustrates the effect of the classification threshold on model performance. 
The F1-score reaches its maximum at a threshold of 0.6, confirming the suitability of this 
operating point for balancing Precision and Recall in predictive maintenance applications. 
This directly addresses one of the main problems that PdM models in real industrial set-
tings present, as shown in [2,5]. 

To investigate whether the proposed framework operates solely as a state classifier 
or possesses predictive capability, additional experiments were performed by shifting the 
target labels into the future. The Random Forest model maintained high performance even 
when predicting At-Risk states several hundred samples ahead, with F1-scores decreasing 
from 0.994 for the current-state classification task to 0.967 and 0.948 for prediction hori-
zons of 300 and 600 samples, respectively. These results suggest that the grouped subsys-
tem features capture early degradation signatures within the electrical, hydraulic, thermal 
and vibration subsystems before the occurrence of the At-Risk state. Consequently, alt-
hough the proposed framework does not explicitly model temporal dependencies, it ex-
hibits meaningful short-term predictive capability. 

5. Discussion 
Maintaining diagnostic accuracy under dynamic operating profiles is a key challenge 

in data-driven degradation analysis, as traditional machine learning relies on rigid, hand-
crafted features that generalize poorly. Researchers have incorporated advanced network 
structures—such as attention-guided feature aggregation—that selectively merge corre-
lated signal characteristics to significantly boost diagnostic metrics like accuracy and sen-
sitivity in rotating machinery. In alignment with these frameworks, leveraging strong in-
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herent correlations between system variables offers a robust strategy for continuous, fault-
tolerant monitoring during local sensor failures. 

The statistical and machine learning analysis above revealed a consistent and physi-
cally meaningful pattern across key sensor variables, specifically across the motor current, 
vibration, and discharge pressure. All three parameters exhibit strong negative correla-
tions with failure-related states, indicating a collapse of system activity rather than pro-
gressive overload or gradual degradation. From a physical point of view this behavior is 
characteristic of system shutdown conditions, which may arise from protective mecha-
nisms or severe mechanical faults. In centrifugal pump systems, such conditions are typ-
ically associated with phenomenon like (a) motor protection trips, (b) mechanical seizure 
or bearing failure, (c) severe cavitation or flow disruption, and (d) hydraulic blockages or 
loss of suction [3]. 

The observed near-zero motor current suggests that the electrical drive is no longer 
delivering power, which is consistent with motor shutdown or disconnection. Similarly, 
the collapse of vibration signals indicates the absence of rotating mechanical components, 
confirming that the pump is no longer in motion. Finally, the significant drop in discharge 
pressure reflects the loss of hydraulic activity, as pressure generation in centrifugal pumps 
depends directly on impeller rotation and fluid flow. 

Taking into consideration all of the above observations, one may support the inter-
pretation that the system enters a complete operational shutdown state rather than expe-
riencing gradual performance degradation. 

In addition, one of the most important findings of this study is the reinterpretation of 
the RECOVERING state. While originally defined as a transitional state following a disturb-
ance, the statistical evidence shows that RECOVERING is characterized by phenomena of 
(a) a near-zero motor current, (b) minimal vibration and (c) a strong reduction in discharge 
pressure. Behavior of this type is not consistent with recovery but rather with inactive sys-
tem conditions, where the pump is not operating. This interpretation is additionally sup-
ported by the simultaneous collapse of electrical, mechanical and hydraulic variables ob-
served across the boxplots and correlation analysis. Although the original dataset documen-
tation does not explicitly explain this labeling convention, the observed behavior strongly 
suggests that the RECOVERING label corresponds to a post-trip or post-shutdown condi-
tion during which the pump remains inactive prior to returning to normal operation. 

In industrial practice, such behaviors usually suggest the existence of post-trip states, 
where the system is offline following a protective shutdown followed by maintenance or 
restart phases, during which the pump is not yet fully operational and transient states 
follow fault detection, where the system remains inactive until intervention. 

Therefore, grouping RECOVERING with BROKEN into a unified “at-risk” class is 
justified not only statistically but also from an operational standpoint. This reinterpreta-
tion improves the consistency between data-driven labels and the underlying physical 
behavior of the system. 

The existence of an abrupt failure leading to shutdown was supported by the findings 
of the sharp transitions observed in boxplots, the collapse of multiple sensor signals sim-
ultaneously, and the strong monotonic relationships identified by Spearman correlation. 
Such behavior is typical of seizure-type failures or protection-triggered shutdowns, where 
multiple system variables respond simultaneously to a critical event Although the statis-
tical analysis reveals abrupt transitions associated with shutdown events, the future-hori-
zon experiments indicate that measurable degradation signatures remain present before 
the occurrence of At-Risk states. These findings further suggest that the proposed frame-
work captures early degradation information rather than merely identifying already-
failed operating states. This observation highlights an important limitation but also clari-
fies the type of predictive capability achieved in this study. 
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The use of correlation indexes in this study provided some useful insights, especially 
on the use of monotonic analysis methods for identifying degradation patterns in complex 
mechanical systems. Namely, Spearman correlations remained relatively stable even 
when sensor values collapsed, indicating that relative ordering between variables is pre-
served during failure events. This suggests that failure processes involve coordinated sys-
tem-wide changes, rather than isolated sensor anomalies. 

As far as the industrial predictive maintenance goes, these results suggest firstly that 
the strong sensitivity of the model (Recall = 0.76) enables the detection of failure-related 
conditions before full system downtime, allowing timely intervention. Secondly, the 
strong correlation between motor current and discharge pressure provided the infor-
mation that electrical measurements can be used as proxies for hydraulic behavior, par-
ticularly in cases of sensor failure. Thirdly, one may use the derived thresholds that can 
be directly implemented in real-time monitoring systems for rule-based fault detection. 
Hence, the alignment between statistical analysis and feature importance enhances trust 
in the model, making it suitable for industrial applications. 

6. Conclusions 
This study presents a data-driven predictive maintenance framework for industrial 

rotating machinery, successfully aligning statistical analysis with machine learning mod-
els to detect operational degradation. A key contribution of this work lies in the opera-
tional and statistical justification of unifying “RECOVERING” and “BROKEN” states into 
a single “At-Risk” class. This reinterpretation bridges the gap between data-driven label-
ing and actual physical system behavior, particularly during the transient, post-trip 
phases following a protective shutdown. The existence of abrupt, system-wide failure 
events—such as seizure-type faults—was strongly validated by the simultaneous collapse 
of multiple sensor signals, sharp boxplot transitions, and stable Spearman monotonic cor-
relations, which proved that failure mechanisms involve coordinated system-wide 
changes rather than isolated sensor anomalies. 

Despite the promising results, one may acknowledge that the dataset lacks detailed 
metadata, including sensor placement, pump configuration, and maintenance history. 
Failure modes are not explicitly labeled, limiting the ability to distinguish between differ-
ent types of faults and their implications. Consequently, the proposed model predicts op-
erational risk rather than specific fault types. The analysis does not explicitly model tem-
poral dependencies, as each observation is treated independently. Therefore, future work 
may focus on incorporating time-dependent models to capture degradation evolution. 
Furthermore, a well-documented industrial dataset will help with the validation of the 
findings, and exploring noise-enhanced learning techniques may also improve the 
model�s robustness and generalization. 

Although the proposed predictive maintenance framework demonstrated promising 
performance, several practical limitations should be acknowledged. First, the dataset ex-
hibits severe class imbalance, a common characteristic of industrial monitoring systems 
where failure events are naturally rare. While the reformulation of the problem into a bi-
nary classification task (NORMAL versus At-Risk) improved model training and evalua-
tion, the limited number of explicitly labeled BROKEN observations restricts the ability to 
characterize all possible degradation mechanisms and failure trajectories. 

Second, industrial pump systems operate under varying load, flow, pressure and en-
vironmental conditions. Such variations may alter the statistical properties of sensor 
measurements and potentially affect model performance when applied to operating re-
gimes that are not sufficiently represented in the training data. Consequently, periodic 
model retraining and recalibration may be required in practical deployments. 
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Third, although Random Forest models are generally robust to noise and missing 
values, industrial sensor networks remain vulnerable to measurement uncertainty, sensor 
drift, calibration errors and communication failures. The statistical preprocessing adopted 
in this study, including missing-value handling and correlation analysis, partially miti-
gates these effects; however, long-term deployment would benefit from dedicated sensor 
validation and data-quality monitoring procedures. 

An analysis of the missing-value distribution for Sensor 50 revealed that the missing 
observations were highly concentrated rather than randomly distributed. Specifically, 
seven missing blocks consisted of isolated or very short gaps, while a single extended 
missing interval accounted for the vast majority of missing values. This pattern suggests 
a prolonged sensor outage or communication failure rather than random measurement 
loss. Consequently, although linear interpolation provided a practical preprocessing strat-
egy, it may not fully recover the true discharge-pressure dynamics within the extended 
missing interval. Future work should investigate more advanced imputation methods 
specifically designed for long-duration sensor outages. 

Finally, the present study was developed using data collected from a specific circu-
lating water pump installation. While the proposed methodology is transferable to other 
rotating machinery applications, the trained model itself may not generalize directly to 
different pump types, operating environments or industrial facilities without additional 
retraining and validation. Future work will therefore focus on evaluating the proposed 
framework across multiple industrial assets and incorporating temporal learning models 
capable of capturing degradation evolution and remaining useful life estimation. 

Lastly, although Gradient Boosted Trees achieved performance comparable to Ran-
dom Forest, future work could investigate additional temporal learning architectures, 
such as LSTM and GRU networks, to determine whether explicit modeling of degradation 
evolution can further extend the prediction horizon. At the current horizon, the model 
performs exceptionally well (F1 = 0.994) but drops to an F1-score of 0.967 at 300 samples 
and 0.948 at 600 samples, driven primarily by a decrease in Recall (from 0.993 to 0.923). 
Because this growing prediction horizon accelerates the loss of Recall, future work could 
investigate temporal architectures, such as LSTM and GRU networks, to determine 
whether explicit modeling of degradation evolution can mitigate this decline and further 
extend the prediction horizon. Future-horizon experiments demonstrate that measurable 
degradation signatures remain detectable prior to entering these At-Risk states, confirm-
ing that the framework captures early degradation pathways rather than merely reacting 
to pre-existing failures. 
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Abbreviations 
The following abbreviations are used in this manuscript: 

PdM Predictive Maintenance 
CWPs Circulating Water Pumps  
IoT Internet-of-Things  
ML Machine Learning 
LG Aircraft Landing Area 
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