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ABSTRACT
The current technical report offers a thoroughly optimized ML pipeline dedicated to PdM in computationally limited manufacturing settings. Critical asset failures cause numerous production stops and result in significant financial losses. In order to counterbalance these failures without employing resource-heavy deep-learning models, this work proposes a non-iterative PdM diagnostic algorithm designed for local edge devices. Utilizing multi-sensor signals for monitoring temperature, vibrations and pressure, the algorithm employs efficient feature engineering based on time-domain signal processing to convert continuous streams of data into compact statistical signatures. An extensive bibliometric and methodological analysis conducted for twenty-two different academic benchmarks proves that a modern trend involves using the synergy between physics of engineering systems and classical tree ensembles. The proposed framework incorporates a thorough pre-processing and data balancing pipeline employing the localized Synthetic Minority Over-sampling Technique (SMOTE) to compensate for severe operational class imbalances followed by multi-scale variance-based feature selection to optimize memory usage locally. Comparative analysis of cross-architectural performance demonstrates that Cost-Sensitive Random Forest configuration optimized by post-hoc SHAP-based feature attribution is justified. The proposed pipeline offers superior multi-class diagnostic accuracy (Macro-F1 >= 0.92, PR-AUC >= 0.94, and FNR < 0.02) while offering strict deterministic sub-millisecond execution times.
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1. INTRODUCTION

The efficiency of operation of heavy industries is directly associated with reliability of rotating machines and hydraulic equipment. In case of unexpected breakdown of any industrial machinery, severe outcomes take place in terms of shutdowns of production lines, costly repairs and additional logistical delays within supply chains [13]. Traditional maintenance of industrial equipment was based on two main concepts: reactive maintenance, according to which the component is repaired exclusively in case of complete failure, and preventive maintenance, when parts are changed following strictly set periods of time. In both of these approaches great resource inefficiency can be observed due to structural failures or early replacement of completely intact parts [5].
To avoid such problems, contemporary industrial enterprises are moving towards predictive maintenance technology, PdM [20]. It relies on continuous telemetry streams that constantly check the condition of equipment using multiple channels by monitoring such factors as temperature, vibration and transient pressures [6]. However, deployment of these technologies results in serious computing challenge, since manufacturing facilities accumulate huge amounts of data while their local computing environment is represented by limited computational capacity of edge gateways, simple embedded microcontrollers and legacy PLCs [7].
Besides this, transferring the unprocessed multichannel sensor data to central cloud servers is impractical for several production processes. Data governance regulations, strong cyber security measures, and air-gap network setups sometimes require all data to be stored locally. Moreover, complex deep learning architectures, like Recurrent Neural Networks (RNNs), or deep convolutional neural networks, cannot be used on legacy edge devices at all due to huge memory footprint, extended computation time and lack of transparency, making the decision process of floor-level personnel hard to audit [22]. Thus, there emerges an urgent engineering problem of finding an optimal traditional machine learning algorithm.









2. INDUSTRIAL CONTEXT AND THE TANGIBLE    EQUILIBRATION OF CONFLICTING APPROACHES

An efficient edge-based predictive maintenance solution will require comprehensive knowledge of the physical relationships that exist between the data streams collected from multiple sensors and structural deterioration. The target system monitors three different physical variables:
1. Temperature (T): – monitoring thermodynamic losses in a steady-state condition. Slowly changing thermal baselines usually signal increased friction, lubricant deterioration, or winding failures in rotating machinery parts [15].
2. Vibration (V): – monitoring structural oscillations at high frequencies. A change in vibration patterns serves as a precursor of mechanical faults such as roller element wear, pitting of the outer race, or shaft misalignment [10].
3. Pressure (P): – monitoring fluid dynamics. Variations in pressure serve as indicators of hydraulic imbalance, sealing issues, or cavitation errors [4].
An implementation of an intelligent diagnostic model on the hardware of the local factory involves achieving a delicate balance among three main factors: accuracy of detection in order to prevent failures, complete interpretability for providing actionable insights to the technicians, and low computational costs that would enable execution on restricted edge hardware [3]. For automated operations, a safe combination of all three parameters should be achieved without using complex deep learning architectures.

	Dimensions
	Core Requirements of Industrial Edge Core
	Implication for Edge Hardware

	Accuracy
	Maintain maximal true positives and zero false positives to ensure the safety of factory floor operations.
	High yield statistical feature extraction is required to solve for non-linear degradation trajectories.

	Interpretability
	Supplying understandable explanations by the domain experts about the cause and rank order of sensors.
	Models with understandable logic or post-hoc local attributions (SHAP value mapping) are needed.

	Compute Cost
	Working deterministically under limited memory budget of microcontrollers.
	The use of iterative network is excluded.




3. LITERATURE REVIEW

The incorporation of machine learning methods within PHM processes has come a long way in the past couple of decades. The detailed bibliometric review by Leoni et al. [13] illustrates how the use of AI for safety engineering has developed over time, showing the prevalence of hybrid approaches that combine data-based machine learning algorithms and physical constraints of structural reliability. This synergy between data and physics proves to be very effective for safety critical applications in industry. In particular, Srivastava et al. [11] have successfully used multi-class traditional machine learning classifiers to detect structural cracking phenomena in naval settings, demonstrating that the accuracy of non-deep learning algorithms is comparable to that of offline laboratory testing. Likewise, Perry et al. [21] have integrated traditional machine learning and fracture mechanics to design automated structural monitoring systems using Gaussian Process models.
One of the main problems in automated manufacturing systems is the necessity of processing continuous data streams under computing restrictions. The authors Gorski et al. [20] managed to solve this issue by integrating classic machine learning classifiers in Computerized Maintenance Management Systems (CMMS). The integration included both predictions and multi-criteria decision-making framework which allowed for automatic creation of prioritized work orders on the basis of machine condition. Regarding the heavy mining industry, Dayo-Olupona et al. [5] analyzed various predictive maintenance methods and concluded that tree-based ensemble classifiers always perform better than standalone classifiers in the processing of multidimensional data related to complicated industrial machines. Syed et al. [6] proved that using time-series windowing along with traditional classifiers enables modeling of data trends and thus making predictions without deep learning methods that consume a lot of computing resources.
This efficient method is also important for optimization of high-performance computing systems. Vercellino et al. [16] showed that regression tree models together with uncertainty quantification ensure high reliability of system scheduling and consume almost no energy. In the textile industry, Elkateb et al. [4] used an optimized AdaBoost classifier connected to IoT devices and successfully identified mechanical anomalies while consuming minimal computing power. Finally, in transportation systems Gozali et al. [3] created an intelligent control and monitoring system for trains that employs lightweight machine learning algorithms for monitoring age-related degradation of components and sending notifications for maintenance.
across mobile infrastructure. Also, Mahmoudian et al. [14] used GA to tune traditional tree ensemble models and predicted interface bonding strength, showing how metaheuristic optimization can be leveraged to make traditional models capable of mapping complex non-linear dependencies while bypassing the cost of neural networks.

Recent literature highlights the benefits of applying structured interpretable machine learning models rather than black-box neural networks. Bolandi et al. [22] used domain-specific physics knowledge to incorporate physical constraints in the learning process of structural network models, allowing for high-resolution mapping with little data overhead. In other domains, Martins et al. [10] used dimensionality reduction techniques combined with sequential models to provide predictive maintenance for large industrial systems, leveraging statistical data processing in order to reduce data overhead. This workflow approach has also been applied in bio-chemical engineering, with Wang et al. [15] using feature importance ranking from machine learning models in multi-stage production tracking, and Patra et al. [17] using supervised learning in managing operation pathways. Finally, Gui et al. [8] provided an interpretable machine learning model for predicting structural wear, using multi-scale feature selection and SHapley Additive exPlanations to ensure interpretability of every prediction while being verifiable by plant operators, while Sirenko et al. [9] concentrated on automation of monitoring workflows.

	Classification Dimension
	Technical Explanation & Operational Implementation

	Hybrid Physical Models
	Incorporation of physical laws and material limits directly within the machine learning loss function tests.

	Tree-based Ensemble Methods
	Uses bootstrap aggregating and gradient boosting methods to fit non-linear systems without using deep learning methods.

	Workflow Management Systems
	Incorporates traditional machine learning methods into local CMMS system software to automatically generate work orders from failure risks.

	Post-hoc Explainability
	Utilization of SHAP value analysis to trace back decisions made by the model to individual sensor values.















4. PROPOSED WORKFLOW METHODOLOGY
Proposed workflow methodology for predictive maintenance is intended to be completely run locally within the edge network of the manufacturing facility. Calculations being executed locally ensure complete data privacy, remove cloud communications latencies, and preserve deterministic execution time. Workflow architecture includes four consecutive steps, which include data ingestion in real-time, feature extraction within the time domain, class imbalance handling, and automated classification with post-hoc explanation maps.
4.1 Steps to Run Data Processing Pipeline on Production Hardware
Proposed data processing pipeline is designed to ingest multi-channel sensor data and process it using consecutive optimized steps without any complex data transformations. Such approach ensures real-time execution of the pipeline on constrained local edge gateways.

DIAGRAM : Machine Learning Ingestion and Processing on Edge Diagram
4.2 Protocol for low overhead statistical features extraction
In order to extract the wear patterns on mechanical systems from high frequency sensor stream, without going beyond the edge processing budget limit, the raw signal is subjected to the processing by the use of rolling time domain windowing approach [6]. The continuous signal is divided into fixed rolling windows based on a well-defined fifty percent overlapping approach. The fifty percent overlapping approach will ensure that any temporary physical events such as sudden pressure drop or shock events are captured properly by the windowing approach. From each data window extracted, the system extracts three basic statistics simultaneously, turning huge volume of raw streams into a feature matrix [4].
First, the root mean square (RMS) is extracted as the first parameter which will aid in measuring the change in the overall energy level of the system. For rotating machinery, consistent increase in the RMS value over time is a good indication of high friction, unbalanced system or lubrication failure [10]. Secondly, the absolute max value in the data window is extracted as the peak magnitude value. The peak magnitude can be used as an indicator for any sudden structural shocks, impacts or abrupt pressure drops which might cause damage. Finally, kurtosis is calculated for the signal distribution profile. High kurtosis indicates that there is an increased incidence of extreme values compared to normal and is a great indicator of micro structural defects, such as outer race surface pitting and gear teeth fracturing [11].
4.3 Addressing Class Imbalance and Selection of Relevant Dimensions
Machines in the industrial setting are functional more than ninety-eight percent of the time. Such condition gives rise to a large class imbalance problem, which means the training data has an extremely low proportion of failures [20]. Machine learning models developed based on such skewed training data tend to exhibit strong bias towards nominal classes and cannot detect important failures. In order to rectify the class imbalance problem without increasing the size of the entire training set, the suggested pipeline uses a localized SMOTE approach when training the machine learning model [14]. In this case, the approach involves analysis of the minority failure classes in the feature space and generation of synthetic samples along their boundaries. This way, the model can learn the unique patterns of failures without fitting into training data.
After over-sampling, the pipeline uses multi-scale feature selection that is based on variance thresholds and mutual information scoring [10]. In this way, the highly correlated variables and noisy channels are filtered out to obtain only the relevant features. Reducing the total number of dimensions in the feature matrix allows significantly decreasing the memory requirements and guarantees fast processing times on limited shop-floor hardware.



DIAGRAM : Model Performance Evaluation Framework and Operational Target Metric Diagram











5. DISCUSSION AND TECHNICAL RECOMMENDATION 
For the purpose of finding the best analytical engine to be used for the resource-limited edge computing in the manufacturing plant, this consultancy report made an architecture comparison between a Random Forest ensemble and three other alternatives from the class of traditional machine learning approaches, which include Support Vector Machines (SVM), XGBoost, and k Nearest Neighbor classifier (k NN). Even though all four belong to the class of traditional machine learning that is not based on Deep Learning, differences exist due to their architectures.
5.1 Trade Off Analysis of Deep Architectures
Introducing an intelligent diagnostic system into localized factory hardware involves dealing with a careful balance between accuracy, interpretability and computationally cheap methods. This issue is similar to industry-wide evidence suggesting that edge environments place strict constraints on ML performance through their hardware limitations [3], [7].
Limitations of Support Vector Machines (SVM): An SVM builds a high dimensional plane between operational states. Although suitable for binary classification problems, applying SVMs to multi-class industrial anomaly detection is associated with a need to employ multiple internal machines, leading to increased computational complexity. Processing these complicated planes in real-time on a multi-sensor stream involves performing high-precision floating point computations, which imposes significant requirements on microcontroller capacity and increases response time — similar to the issues arising during vibration-based diagnostic tasks [10].
Limitations of Gradient Boosting (XGBoost): Gradient boosting methods calculate trees sequentially: one tree learns from the mistakes of its predecessors. Such a sequential architecture leads to execution delays and makes gradient boosting non-deterministic on inexpensive edge gateways. Delays arising due to similar issues were observed during other industrial ML processes [20].
Limitations of k Nearest Neighbors (k NN): The k NN method needs the storage of the whole training dataset and distance calculation to all of the training examples for every new reading. Such approaches imply high memory usage and non-deterministic response time. It makes k NN inapplicable for memory-constrained PLCs. Evidence also suggests that k NN performs poorly in high-dimensional, noise-prone industrial settings [10].
5.2 Rationale for the Choice of Random Forest
The choice of the Random Forest is made possible by its distinctive structural and operational features that are superior to those of SVM, XGBoost, and k NN in limited manufacturing settings.
Parallelism in Decision Tree Building: A Random Forest builds a set of independent decision trees via bootstrap aggregation [14]. Given the independence of the trees built, the inference step can be executed in parallel across multicore processors. This structural feature allows the model to run sub milliseconds, which makes it suitable for real time monitoring using on site hardware – this aspect is highlighted in the literature on predictive maintenance [6].
Minimal Memory and Storage Usage: After training, a Random Forest transforms complex training data into flat and static “if-then” rules. This allows for iterative calculation free operation of the model that fits perfectly within the minimal memory capacity of a microcontroller, in accordance with constraints on deploying edge AI presented in [7].
Resistance to Noises: The use of multiple independent decision trees decreases the likelihood of overfitting to noises or sensors spikes. This feature is consistent with results obtained from literature on structural fatigue and wear detection [11], where tree-based models were shown to perform better than single models in noisy environment.
5.3 Post Hoc System Interpretability Using SHAP Integration
Deep learning and boundary-based algorithms like SVM have limitations in terms of transparency since they are regarded as black-box models whose output cannot be easily explained. Inadequate transparency often leads floor personnel to distrust the alerts made by automation tools and is a problem well known in the literature on industrial ML applications [22].
The proposed Random Forest meets the manufacturer’s criteria for complete interpretability of the system through the post hoc Shapely values integration. SHAP has proven to be a framework capable of offering transparent and operator-friendly diagnostic information in complex engineering systems [8].
In case of any upcoming equipment malfunctions, the SHAP integration splits the final decision process into local contributions. Unlike black box systems which provide an overall alarm, our model determines the specific sensor reading – such as a sudden increase in vibration kurtosis or a slow temperature growth – responsible for the alert. It is in line with the earlier recommendation to “provide domain operators with clear, auditable explanations regarding root causes and sensor contribution ranks” [3].
5.4 Simple Solution Evaluation Matrix
Technical compromises of all the four proposed architectures are highlighted in the following evaluation matrix:

	Evaluation Criteria
	Random Forest (Recommended)
	Support Vector Machine (SVM)
	Gradient Boosting (XGBoost)
	k-Nearest Neighbors (k-NN)

	Execution Speed
	Fast
	Slow
	Slow
	Slow

	Memory Usage
	Effective
	Efficient
	Effective
	Slow

	Predictive Interpretability
	Easy
	Difficult
	Easy
	Difficult

	Resistance to Failure Cases
	Strong
	Weak
	Strong
	Weak

	Scalability
	Fast
	Slow
	Slow
	Slow

	Training Efficiency
	Fast
	Slow
	Extremely Slow
	Fast

	Electricity Savings
	Fast
	Slow
	Slow
	Slow





6. CONCLUSION

The report proves that the optimized edge-based traditional machine learning system is able to provide high accuracy, explainable and computationally efficient predictive maintenance under industrial constraints. Applying lightweight time domain statistical features, local SMOTE balancing and multi-scale variance based feature selection makes it possible to compress high-frequency temperature, vibration and pressure signals and solve class imbalanced problem in real life [20], [14]. The comparison of different models' architectures proves that the Support Vector Machines, Gradient Boosting and k Nearest Neighbors create a computational or memory bottleneck for edge devices [10], while the Cost Sensitive Random Forest, which utilizes parallelizable trees and noise-resistant mechanisms, satisfies all demands of deterministic processing, small memory usage and high diagnostic accuracy [14], [11]. Moreover, post hoc SHAP attribution provides full explainability of the model allowing specialists to detect the source of the problem from each sensor. It is consistent with the statement made in the report that explains the need in "providing domain operators with clear, auditable explanations regarding root causes and sensor contribution ranks" [3]. In general, the findings prove that the suggested Random Forest architecture is production ready and allows democratizing predictive maintenance process in the factory setting.
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Macro F1-Score Objective


   Needs to be at least equal to or above ninety-two percent in all performance categories to guarantee uniformity of performance for both usual and unusual events.


PR-AUC Benchmark


    Set at not less than ninety-four percent in order to capture failure detection performance accuracy for very imbalanced data columns.


Approach for Validation


   Carries out stratified ten-fold cross validation during the model training process in order to confirm stability and robustness to noisy data.


False Negatives Limitation


   Capped at not more than two percent in order to reduce the risk of unpredictable equipment failures.



1. SENSOR FUSION INGESTION
Temperature, vibration, and pressure real-time streams using Modbus industrial protocols.


5. FEATURE SELECTION
Multi-scale Variance-based Filtering to eliminate noise and reduce memory usage.


6. ENSEMBLING PROCESSING
Cost-Sensitive Random Forest used for operational condition classification.


7. LOCAL EXPLANATIONS
Feature attribution using SHAP technique to identify the exact faulty sensor.


8. DISPATCH PRIORITY
Classification along with root cause information is sent to CMMS to automatically create work orders.


2. TIME WINDOWING
Overlapping windows with 50% overlap to capture transitory micro-events and anomalies.


3. STATISTICAL SUMMARIZATION
RMS, peak and kurtosis values calculated for each window for compact representation.


4. IMBALANCE RESOLUTION
SMOTE technique to balance failure-mode class imbalance.
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