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Abstract 

The increasing complexity of industrial systems in the era of Industry 4.0 has intensified the need for predictive 

maintenance methodologies capable of anticipating failures before catastrophic breakdowns occur. Traditional condition 

based and reliability centered approaches often struggle to detect early signals of structural, mechanical, or systemic 

degradation in nonlinear, interconnected environments. In parallel, advances in machine learning, online changepoint 

detection, and critical phenomena theory have provided powerful theoretical and algorithmic tools for identifying regime 

shifts in financial markets, geophysical systems, and network infrastructures. This article develops a comprehensive, 

publication ready theoretical and methodological framework that integrates predictive maintenance in smart 

manufacturing with online changepoint detection algorithms and scaling theories derived from complex systems research. 

Drawing upon foundational work in reciprocating compressor operation, systematic reviews of machine learning for 

maintenance, clustering approaches in structural health monitoring, nonparametric online changepoint detection, and log 

periodic power law models of critical transitions, this study articulates a unified perspective in which industrial failures 

are conceptualized as critical transitions preceded by measurable precursors. The methodology synthesizes unsupervised 

learning, likelihood ratio based changepoint detection, functional pruning CUSUM statistics, confidence based model 

monitoring, and drift detection tools within an operational architecture aligned with Internet of Things enabled smart 

factories. The results demonstrate, through theoretical synthesis and cross domain analogy, that industrial failure 

trajectories exhibit properties analogous to financial crashes, earthquakes, landslides, and network anomalies. The 

discussion examines sustainability implications, computational constraints, interpretability trade offs, and limitations of 

transferring critical phenomena models to mechanical systems. The article concludes by outlining a research agenda 

toward generalized failure laws in industrial environments and standardized open source toolchains for real time 

monitoring in Industry 4.0 ecosystems. 

Keywords: Predictive maintenance, online changepoint detection, critical phenomena, Industry 4.0, machine learning, 

smart manufacturing, structural health monitoring. 

© 2025 Petra Novakova. This work is licensed under a Creative Commons Attribution 4.0 International License (CC BY 

4.0). The authors retain copyright and allow others to share, adapt, or redistribute the work with proper attribution. 

Cite This Article:   Petra Novakova. 2025. Critical Phenomena, Online Changepoint Detection, and Machine Learning for 

Predictive Maintenance in Industry 4.0: A Unified Theoretical and Operational Framework for Industrial Failure 

Anticipation. American Journal of Data Science and Machine Learning 1, 01, 19-24. 

https://doi.org/10.64917/ajdsml/V01I01-004

1. Introduction 

Industrial systems have undergone profound transformation 

under the paradigm of Industry 4.0, characterized by cyber 

physical integration, distributed sensing, and pervasive data 

generation through Internet of Things architectures (Soori 

et al., 2023). This transition has redefined maintenance 

strategies, shifting from reactive and time based 

interventions toward predictive maintenance frameworks 

that rely on continuous monitoring and advanced analytics 
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(Carvalho et al., 2019; Ran et al., 2024). The stakes are 

particularly high in heavy industrial machinery such as 

reciprocating compressors, where operational failure can 

result in costly downtime, safety hazards, and systemic 

supply chain disruptions (Bloch and Hoefner, 1996). 

Traditional maintenance paradigms were rooted in 

mechanical reliability theory and empirical inspection 

protocols. Reciprocating compressors, for instance, were 

maintained through scheduled overhauls informed by 

vibration analysis, temperature monitoring, and lubrication 

assessment (Bloch and Hoefner, 1996). While effective in 

stable environments, such approaches assume gradual and 

predictable degradation. However, as industrial systems 

become interconnected and dynamically optimized, 

degradation patterns may exhibit nonlinear characteristics, 

sudden transitions, and regime shifts analogous to 

phenomena observed in complex financial and geophysical 

systems (Sornette, 2003a; Sornette and Sammis, 1995). 

Parallel to developments in industrial analytics, research in 

complex systems has established that catastrophic events 

such as stock market crashes, earthquakes, landslides, and 

volcanic eruptions often display precursor signatures 

characterized by scaling behavior, oscillatory acceleration, 

and finite time singularities (Johansen et al., 2000; Sornette, 

2003b; Lei and Sornette, 2024). These theoretical constructs 

challenge the assumption that failures are purely random or 

exogenous. Instead, they posit that systems approaching 

critical thresholds exhibit measurable statistical signatures. 

Recent advances in online changepoint detection have 

operationalized the detection of regime shifts in real time 

across network devices, signal processing applications, and 

multivariate data streams (Edward et al., 2023; Gaetano et 

al., 2023a; Kes et al., 2024). These algorithms enable 

constant per iteration likelihood ratio tests and functional 

pruning methods that ensure computational tractability even 

in high frequency data environments. Meanwhile, 

unsupervised predictive maintenance case studies have 

demonstrated the feasibility of clustering based anomaly 

detection in manufacturing contexts (Giannoulidis et al., 

2024; Diez et al., 2016). 

Despite these advances, a theoretical gap persists. The 

literature on predictive maintenance emphasizes 

algorithmic performance and application case studies (Çınar 

et al., 2020; Carvalho et al., 2019), while the literature on 

critical phenomena and scaling laws focuses primarily on 

financial or geophysical systems (Sornette et al., 1996; Ide 

and Sornette, 2002). There is limited integrative work that 

conceptualizes industrial machine failure as a critical 

transition and systematically connects this perspective with 

online changepoint detection methodologies. 

This article addresses this gap by proposing a unified 

theoretical and operational framework that integrates 

machine learning for predictive maintenance, online 

nonparametric changepoint detection, scaling 

representations of critical phenomena, and drift monitoring 

tools. It argues that industrial failures in Industry 4.0 

environments can be interpreted as critical transitions 

preceded by detectable statistical anomalies, and that online 

changepoint algorithms provide the computational 

infrastructure to capture these transitions in real time. 

The central research problem can be articulated as follows: 

How can insights from critical phenomena theory and 

advanced online changepoint detection be synthesized into 

a coherent predictive maintenance architecture capable of 

anticipating catastrophic industrial failures in smart 

manufacturing environments? 

To answer this question, the study develops an extensive 

theoretical synthesis, a detailed methodological 

architecture, and a descriptive analysis of expected 

operational outcomes grounded strictly in the referenced 

literature. 

2. Methodology 

The methodological approach of this article is conceptual 

and integrative, grounded in systematic theoretical 

synthesis rather than empirical experimentation. It 

constructs a layered architecture that integrates five primary 

components: mechanical domain knowledge, Internet of 

Things data acquisition, unsupervised learning and 

clustering, online changepoint detection algorithms, and 

critical transition modeling inspired by scaling laws. 

The first methodological layer acknowledges the domain 

specific characteristics of industrial equipment. 

Reciprocating compressors serve as a paradigmatic example 

due to their mechanical complexity and susceptibility to 

valve wear, piston ring degradation, and lubrication failures 

(Bloch and Hoefner, 1996). Mechanical systems exhibit 

operational signatures such as vibration frequency 

distributions, pressure cycles, and temperature trajectories 

that evolve over time. Traditional monitoring focuses on 

threshold based alarms. However, such thresholds often 

capture failure only after significant degradation. 

The second layer involves sensorized data acquisition 

within smart factories. Industry 4.0 architectures enable real 

time data streams from distributed sensors, forming a cyber 
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physical infrastructure (Soori et al., 2023). These streams 

include multivariate time series capturing operational 

performance indicators. The challenge lies not in data 

scarcity but in detecting subtle distributional changes 

indicative of emerging faults. 

The third layer introduces unsupervised learning methods 

for anomaly detection. Systematic reviews of machine 

learning for predictive maintenance highlight the 

importance of unsupervised approaches when labeled 

failure data are scarce (Carvalho et al., 2019; Çınar et al., 

2020). Clustering methods in structural health monitoring 

demonstrate how unsupervised segmentation can identify 

abnormal states in bridge structures without explicit failure 

labels (Diez et al., 2016). Similarly, Giannoulidis et al. 

(2024) describe an unsupervised predictive maintenance 

solution in a cold forming press case study, emphasizing 

scalability and interpretability. 

The fourth layer incorporates online changepoint detection. 

Classical offline changepoint methods lack the immediacy 

required for real time industrial monitoring. Recent 

contributions have introduced efficient online algorithms 

with constant per iteration computational complexity (Kes 

et al., 2024). Functional pruning techniques enhance 

scalability in high dimensional data (Gaetano et al., 2023a; 

Gaetano et al., 2024). Nonparametric dynamic thresholding, 

as applied to spacecraft anomaly detection using LSTM 

architectures, demonstrates the importance of adaptive 

thresholds in nonstationary environments (Hundman et al., 

2018). Edward et al. (2023) extend online nonparametric 

changepoint detection to network device monitoring, 

underscoring operational feasibility. 

The fifth layer draws from scaling and critical phenomena 

theory. Scaling representations for critical systems suggest 

that as a system approaches a critical point, statistical 

properties follow power law behavior (Nauenberg, 1975). 

In financial markets, log periodic power law models capture 

oscillatory acceleration preceding crashes (Sornette et al., 

1996; Lin et al., 2014). Crashes are interpreted as critical 

points rather than random outliers (Johansen et al., 2000; 

Sornette, 2003a). Similar theoretical constructs have been 

applied to earthquakes and rupture processes (Sornette and 

Sammis, 1995; Ide and Sornette, 2002) and more recently 

generalized to landslides and volcanic eruptions (Lei and 

Sornette, 2024). 

The methodological innovation proposed here 

conceptualizes industrial failure trajectories as analogous to 

critical phenomena. Rather than assuming linear 

degradation, the framework hypothesizes that certain 

mechanical failures exhibit accelerating oscillations in 

performance metrics as structural integrity deteriorates. 

These oscillations may manifest as increasing variance, 

autocorrelation shifts, or clustering of minor anomalies 

before catastrophic breakdown. 

Operationally, the framework integrates online changepoint 

detection algorithms with feature extraction modules that 

monitor scaling behavior indicators such as variance growth 

rates and oscillatory residual patterns. Likelihood ratio tests 

for exponential family models enable efficient detection of 

distributional shifts (Kes et al., 2024). Functional pruning 

CUSUM statistics allow rapid identification of structural 

breaks (Gaetano et al., 2023a). Multivariate detection 

leveraging computational geometry techniques enhances 

robustness in high dimensional sensor environments 

(Pishchagina et al., 2023). 

To ensure reliability of deployed models, confidence based 

estimators for predictive performance are incorporated 

(Kivimäki et al., 2025). Drift detection tools provide 

mechanisms for monitoring model degradation in changing 

environments (Müller et al., 2024). The open source 

changepoint_online library provides a consolidated 

implementation platform for these methods (Romano et al., 

2024). 

The architecture also integrates patent described industrial 

failure prediction methodologies that emphasize system 

level integration (Lobodzinski and Cuquel, 2024). 

Transparency and reproducibility principles are aligned 

with open science frameworks (Open Science Framework, 

2017). 

The methodology therefore constitutes a layered cyber 

physical analytics architecture grounded in mechanical 

knowledge, unsupervised learning, online changepoint 

detection, and critical phenomena theory. 

3. Results 

The results of this conceptual integration are presented as 

theoretical and operational insights rather than empirical 

metrics. 

First, interpreting industrial failure as a critical transition 

reframes anomaly detection from isolated event recognition 

to trajectory analysis. Rather than identifying single 

outliers, the system monitors accelerating patterns of 

instability. This aligns with the view that financial crashes 

are preceded by log periodic oscillations and accelerating 

volatility (Sornette et al., 1996; Lin et al., 2014). 

Analogously, compressor valve fatigue may produce 
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increasingly irregular vibration intervals before rupture. 

Second, online changepoint detection algorithms provide 

the computational backbone necessary for real time 

implementation. The constant per iteration likelihood ratio 

framework ensures scalability in high frequency data 

streams (Kes et al., 2024). Functional pruning methods 

reduce memory overhead and enhance detection speed 

(Gaetano et al., 2024). This makes the integration feasible 

within Industry 4.0 infrastructures. 

Third, unsupervised clustering methods enable early stage 

state differentiation even without labeled failure examples 

(Diez et al., 2016; Giannoulidis et al., 2024). This is critical 

because catastrophic failures are rare events, limiting 

supervised training opportunities. 

Fourth, dynamic thresholding approaches mitigate false 

alarms in nonstationary environments (Hundman et al., 

2018). Combined with drift detection tools (Müller et al., 

2024), the system maintains robustness as operating 

conditions evolve. 

Fifth, theoretical parallels between earthquakes, landslides, 

and industrial rupture processes suggest the possibility of 

generalized failure laws applicable across domains (Lei and 

Sornette, 2024). This implies that industrial systems may 

exhibit universal statistical properties near failure, 

providing a foundation for cross domain predictive models. 

Collectively, these results indicate that a unified predictive 

maintenance framework grounded in critical phenomena 

and online changepoint detection is theoretically coherent 

and operationally plausible. 

4. Discussion 

The integration proposed in this article carries significant 

theoretical and practical implications. Theoretically, it 

challenges the assumption that industrial failures are purely 

stochastic or purely linear degradations. Instead, it situates 

them within the broader context of complex systems 

approaching critical thresholds (Sornette, 2003b). This 

perspective encourages interdisciplinary collaboration 

between industrial engineering, statistical signal processing, 

and complexity science. 

However, several limitations must be acknowledged. 

Financial markets and geological systems involve large 

scale interactions among heterogeneous agents or tectonic 

forces. Industrial machines, by contrast, are engineered 

systems with deterministic components. The extent to 

which scaling laws transfer across such domains remains 

uncertain. While oscillatory precursors have been 

documented in finance and geophysics (Johansen and 

Sornette, 2000; Sornette and Sammis, 1995), empirical 

validation in mechanical systems is still limited. 

Another limitation concerns interpretability. Advanced 

changepoint detection algorithms may provide statistical 

evidence of regime shifts but may not directly identify root 

causes. Maintenance engineers require actionable 

diagnostics, not only probabilistic alerts. Integrating domain 

knowledge from compressor operation manuals (Bloch and 

Hoefner, 1996) with algorithmic outputs is therefore 

essential. 

Computational constraints also pose challenges. Although 

functional pruning improves efficiency (Gaetano et al., 

2023a), multivariate high dimensional sensor environments 

may still strain real time processing capabilities. Edge 

computing solutions within smart factories must be 

optimized accordingly (Soori et al., 2023). 

From a sustainability perspective, predictive maintenance 

contributes to resource efficiency and waste reduction 

(Çınar et al., 2020). By preventing catastrophic breakdowns, 

industries reduce material waste and energy losses. This 

aligns predictive maintenance with broader sustainable 

manufacturing goals. 

Future research should pursue empirical validation of 

critical transition indicators in diverse industrial contexts, 

from compressors to cold forming presses. Large scale 

datasets should be shared through open science platforms to 

facilitate reproducibility (Open Science Framework, 2017). 

Additionally, integrating LSTM based anomaly detection 

with nonparametric changepoint detection may enhance 

sensitivity to nonlinear temporal dependencies (Hundman et 

al., 2018). 

5. Conclusion 

This article has developed a comprehensive theoretical and 

operational framework that integrates predictive 

maintenance in Industry 4.0 with online changepoint 

detection and critical phenomena theory. By 

conceptualizing industrial failures as critical transitions, it 

bridges mechanical engineering, machine learning, and 

complexity science. The proposed architecture leverages 

unsupervised learning, efficient likelihood ratio tests, 

functional pruning methods, drift detection tools, and 

scaling inspired failure models. 

While empirical validation remains a necessary next step, 

the theoretical synthesis demonstrates that industrial failure 

anticipation can benefit from cross domain insights derived 
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from financial crash prediction and geophysical rupture 

modeling. In doing so, it advances predictive maintenance 

from isolated anomaly detection toward a systemic 

understanding of industrial criticality. 
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