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CHAPTER 5: Predictive failure analysis 

(Analysis of Failure Modes, their effect and their Criticality) 

 

5.1. DEFINITION  

Predictive failure analysis (PFA) is a sophisticated approach designed to anticipate and prevent 

system or component failures before they occur. At its core, PFA aims to proactively identify 

potential failure modes and their potential impacts across various technological domains. 

Predictive failure analysis refers to methods intended to predict imminent failure of systems or 

components, whether in software or hardware, with the primary objectives of:  

• Avoiding potential failure issues 

• Recommending preventive maintenance 

• Enabling proactive mitigation mechanisms. 

Fundamental Principles  

• Analyze trends in corrected errors 

• Predict future failures of hardware/memory components 

• Proactively enable preventive mechanisms 

5.1.1. . History 

Predictive Failure Analysis (PFA) originated with IBM in 1992, specifically for hard disk drive 

monitoring. The technology was first introduced with IBM's 0662-S1x drive, a 1052 MB Fast-

Wide SCSI-2 disk operating at 5400 rpm. 

Initial Technology Characteristics  

• Focused on monitoring hard disk drive failures 

• Measured mechanical parameters of drive units 

• Compared parameters against predefined thresholds 

• Evaluated drive health status 

• Sent notifications to disk controllers about potential failures 

The original PFA technology had some limitations:  

• Binary result system (only presence/absence of notification) 

• Unidirectional communication 
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• Limited predictive capabilities 

The technology eventually merged with IntelliSafe to form the Self-Monitoring, Analysis, and 

Reporting Technology (SMART), which expanded its application to various hardware 

components. 

Today, PFA has expanded beyond disk drives to include predictive analysis for CPUs, memory 

systems, I/O devices, and optical media 

5.1.2. Application in engineering systems 

In several engineering fields, especially in recent years, the development of 

diagnostic/prognostic methodologies to evaluate the health status of a given system has become 

a strategic task of primary importance to guarantee reliability, logistic availability, and 

operational life for both single units and complex systems including a power source. Otherwise, 

unpredicted breakdowns or faults can occur, with undesired and sometimes dangerous events, 

increasing the management and maintenance costs. These issues arise in specific applications 

where the physical/spectral ‘constant’ properties are only referred to new equipment, changing 

after a ‘burn-in’ operating period, and gradually varying over time due to aging, usage, or faults 

Depending on the engineering system dynamics, size, complexity, and typology, the related 

failure modes can be identified and quantified by means of component-based fault tree analyses, 

FMEA, FMECA, RGA, RCM, and availability models demonstrated in figure 5.1. Subsequent 

research is needed to design, calibrate, and validate the prognostic algorithm not a priori, but 

based on the considered problem the physical dynamic system and the available sensors as well 

as the progressive failures and specific boundary conditions. 
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Figure 5.1. Synoptic scheme of PFA in engineering. 

5.2. FUNDAMENTAL CONCEPTS IN PREDICTIVE FAILURE ANALYSIS 

A robust predictive failure analysis system requires four critical components:  

• An analytics framework capable of signal preparation and condition monitoring 

• A workflow management system for notifications, tracking, and validation 

• A reliable data signature that identifies impending failures with sufficient lead time 

• Operational controls and corrective action strategies 

5.2.1. Types of Prediction Approaches 

There are three types of predictive approaches: 

1. Time-based Models  

• Use regression techniques to predict failure timing 

• Analyze historical data to forecast potential breakdown points 

2. Irregular Behavior Models  

• Detect anomalous or non-normal system behavior 

• Identify subtle changes indicating approaching failure 

3. Survival Models  

• Assess how failure risk changes over time. 

• Evaluate multiple parameters like heat, vibrations, and sound. 
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5.2.2. Failure Modes and Mechanisms 

In figure 5.2, Failure Mode is how a component or system stops functioning, while a Failure 

Mechanism is the underlying physical process that causes the degradation leading to failure. 

Failures can be categorized into two primary types:  

• Catastrophic Failures: Render a device completely nonfunctional. 

• Non-catastrophic Failures: Result in parametric degradation and limited performance. 

Electronic and mechanical systems typically experience failure mechanisms through:  

1. Material-Interaction Mechanisms like Semiconductor die material interactions and 

Metal interconnect degradation. 

2. Stress-Induced Mechanisms such as: Poor device design and Improper application. 

3. Mechanically Induced Mechanisms citing :Structural integrity issues. 

4. Environmentally Induced Mechanisms such as: Humidity effects in addition to 

Hydrogen interactions. 

 

 

Figure 5.2. Synoptic scheme of failure mode and effect analysis. 

 

2.2. STATISTICAL METHODS AND DATA ANALYSIS 

Statistical methods and data analysis play a crucial role in predictive failure analysis, offering 

multiple approaches to understanding and anticipating system failures. Survival analysis 

emerges as a primary method for failure rate studies, particularly advantageous because it:  
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• Incorporates data from both failed and non-failed components 

• Allows for censored data analysis 

• Enables early detection of potential failure patterns 

Researchers have identified several critical challenges in failure prediction models:  

• Overfitting: Models can become too closely fitted to specific datasets 

• Variable Selection: Choosing appropriate predictive variables 

• Coefficient Estimation: Ensuring meaningful and consistent coefficient interpretation 

For the reliability prediction methods, Telcordia provides a sophisticated formula 

demonstrated in equation (1) for computing failure rates:  

λ(Confidence Level)=G−1(P/100,K,θ)           (1) 

Where:  

• G−1is the inverse cumulative distribution function 
• K represents the shape factor 
• θ represents the scale factor. 

5.3. PREDICTIVE MODELING TECHNIQUES 

5.3.1. Machine Learning Algorithms 

Predictive modeling leverages various machine learning algorithms to forecast future outcomes 

based on historical data. The primary techniques include: 

1. Regression Models  (figure 5.3) 

• Linear Regression: Establishes correlations between dependent and independent 

variables 

• Logistic Regression: Captures associations among variables with binary outcomes 

 

Figure 5.3. linear and regression models. 
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2. Classification Techniques (figure 5.4) 

• Decision Trees: Create tree-like structures to make decisions based on conditions. 

• Random Forest: Combines multiple decision trees to improve predictive accuracy. 

• Support Vector Machines (SVM): Maps input data to high-dimensional spaces for 

classification. 

 

Figure 5.4. Decision tree and random forest in predictive modelling technics. 

3. Neural Network Models (figure 5.4)  

• Multilayer Perceptron (MLP): Consists of input, hidden, and output layers 

• Convolutional Neural Networks (CNN): Primarily used for image recognition 

• Recurrent Neural Networks (RNN): Process sequential data 

 

Figure 5.4. MLP, CNN in predictive modelling technics. 

5.3.2. Physics-based Models 

Physics-based models represent a fundamental approach to understanding system behavior and 

predicting potential failures. In figure 5.5. These models leverage deep domain knowledge to 

create mathematical representations of system degradation and performance. Physics-based 

models use scientific principles to :  

• Describe system behavior mathematically 

• Understand underlying degradation mechanisms 
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• Provide insights into component interactions 

 

Figure 5.5. physics based models in predictive modelling technics. 

5.4. CASE STUDIES IN PREDICTIVE FAILURE ANALYSIS 

Several compelling case studies demonstrate the practical applications of predictive failure 

analysis across different applications: 

5.4.1. Aerospace Industry Applications 

Boeing developed advanced predictive maintenance strategies using full flight sensor data, 

highlighting critical insights demonstrated in figure 5.6: 

Key Challenges  

• Thousands of sensors per aircraft 

• Complex data management 

• Limited failure occurrence frequency 

Modeling Approach  

• Extract summarized features from flight data 

• Combine engineering knowledge with machine learning 

• Use techniques like Random Forest and XGBoost 

• Focus on long-term flight history analysis 
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Figure 5.6. Aerospace industry application in PFA. 

5.4.2. Automotive Industry Applications 

Acerta developed an innovative predictive maintenance system for Nissan, focusing on:  

• Engine health monitoring 

• Real-time component status tracking 

• Predicting driving distance before potential failure 

Key Achievements  

• Monitored critical engine components:  

o Air injector 

o Air by fuel sensor 

o Air flow meter 

• Combined mechanical and AI-driven data sets 

• Prototype installed in Nissan Rogue 

Example: Ford Predictive Maintenance Initiative 

Kortical implemented a machine learning-powered predictive maintenance model for Ford:  

• Predicted 22% of failures 

• Average 10-day advance warning 

• Low 2.5% false positive rate 

• Estimated $7 million potential savings 

• 122,000 hours of downtime prevented 
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As illustrated in figure 5.7, Predictive failure analysis in automotive industries leverages:  

• Machine learning algorithms 

• Survival analysis 

• Clustering techniques 

• Sensor data interpretation 

• Advanced statistical modeling. 

By implementing these sophisticated predictive maintenance strategies, automotive 

manufacturers can significantly enhance vehicle reliability, reduce maintenance costs, and 

improve overall customer satisfaction. 

  

 

Figure 5.7. automotive industry application in PFA. 
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5.5. CHALLENGES AND FUTURE DIRECTIONS 

Predictive failure analysis faces several key challenges and promising future directions across 

different domains presented in figure 5.8:  

5.5.1. Key Challenges in Predictive Failure Analysis 

a. Data and Modeling Limitations 

Predictive failure analysis encounters significant challenges related to data quality and 

model development:  

• Incomplete or limited failure history 

• Absence of comprehensive decommissioned data 

• Difficulty in understanding all factors influencing failures 

• Challenges in selecting appropriate input features 

• Variability in prediction accuracy across different systems 

b. Prediction Accuracy and Reliability 

Current failure prediction techniques have notable limitations:  

• Most systems can only predict around 50% of potential failures 

• Precision rates hover around 90% for correctly identified failures 

• Significant challenges remain with false negative and false positive alerts 

  

Figure 5.8. Challenges and limitations of Predictive Analysis. 
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5.5.2. Future Directions and Opportunities 

a. Technological Advancements 

Emerging approaches to improve predictive failure analysis include:  

• Leveraging machine learning and data analytics methods 

• Implementing continuous real-time data collection 

• Developing smart network technologies 

• Utilizing advanced AI techniques for automatic prediction 

b. Interdisciplinary Approaches 

Future developments should focus on:  

• Integrating material science into failure modeling 

• Developing more sophisticated statistical analysis techniques 

• Creating more nuanced business rules for converting failure probabilities into actionable 

maintenance strategies. 

 

5.5.3. Critical Considerations 

a. Practical Implementation 

Organizations must address several key challenges when implementing predictive failure 

analysis:  

• Require specialized expertise 

• Ensure widespread user adoption 

• Develop robust evaluation metrics 

• Balance predictive maintenance costs with potential benefits 

b. Industry-Specific Insights 

Different sectors will need tailored approaches:  

• Automotive industry focuses on safety-critical system reliability 

• High-performance computing systems require complex failure prediction models 

• Water infrastructure needs improved data management strategies 

The future of predictive failure analysis lies in developing more sophisticated, context-aware 

models that can provide actionable insights while minimizing false predictions and maximizing 

system reliability. 

 



Chapter 5 Predictive failure analysis 

 

12 

Prepared by: Cherifa KARA MOSTEFA KHELIL 

 

Figure 5.9. Predictive maintenance steps. 

 

5.6. CONCLUSION 

In this chapter predictive failure analysis (PFA) has been discussed. This PFA represents a 

crucial component in modern maintenance strategies, leveraging data and advanced analytics 

to forecast equipment failures before they occur. This proactive approach allows organizations 

to transition from reactive to predictive maintenance, reducing unplanned downtime and 

minimizing the costs associated with emergency repairs. By monitoring key performance 

indicators, applying machine learning algorithms, and utilizing condition-based monitoring 

techniques, PFA enables more informed decision-making and resource allocation. 

The benefits of predictive failure analysis extend beyond operational efficiency—enhancing 

safety, increasing asset longevity, and ultimately improving profitability. However, successful 

implementation requires accurate data, effective integration with existing maintenance systems, 

and a skilled workforce capable of interpreting complex analyses. 

In conclusion, while predictive failure analysis offers significant advantages, its success 

depends on a commitment to continuous data collection, system integration, and ongoing 
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improvement. By harnessing the power of predictive insights, organizations can optimize their 

maintenance processes and enhance the reliability of their assets in a cost-effective and 

sustainable manner. 

 


