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A B S T R A C T   

Prognosis and health management plays an important role in the control of costs associated with operating large 
industrial equipment, such as wind turbines and aircraft. It is only fair that engineers and scientists have vastly 
researched modeling approaches to support decision making. Motivated by the growing availability of data and 
computational power as well as the advances in algorithms and methods, modeling frameworks often merge 
elements of physics, machine learning, and statistical learning. In this paper, we present a review on modeling in 
support of prognosis and health management of industrial equipment. This survey complements the existing 
prognosis and health management literature by discussing how modeling strategies are influenced by industry- 
specific aspects such as maintenance approaches (e.g., reactive, proactive, and predictive), implementation 
factors (e.g., industry, business model, purpose, development, and deployment), as well as supporting technol-
ogies (sensing, repair, and modeling itself). We use the onshore wind energy and civil aviation industries to 
illustrate how these aforementioned aspects can influence modeling and implementation of prognosis and health 
management. The literature review is broad and covers contributions over the past 40 years. We close the paper 
with few topics that can motive research going forward.   

1. Introduction 

Large industrial equipment, such as aircraft and wind turbines, are 
unique in which their maintenance represents a significant portion of 
the total costs of the particular industry segment. For example, Table 1 
illustrates the breakdown of the total airline cost [1]. Even though 
percentages might fluctuate year over year, maintenance, repair and 
overhaul is likely to keep being one of the main contributors to cost. 
Therefore, the ability to perform diagnosis (identifying the problem) and 
prognosis (forecasting or predicting what will probably occur in the 
future) is critical for companies operating these machines. 

Most industrial segments have long moved away from reacting to 
field issues and failures. Instead, operations and maintenance are highly 
guided by predictive models, and as such, successful implementation of 
prognosis and health management programs dependents on the under-
standing of the complex stochastic interactions between operating 
conditions and component capability. As a matter of fact, there exist a 
very active market targeting services of industrial assets. Typically, 
original equipment manufacturers, operators, independent service 

providers, and software companies compete with one another through 
offers covering everything from inspection, to digitization, to moni-
toring and day-to-day services, as well as major maintenance and repairs 
[3–7]. 

With the exciting and vivid market for prognosis and health man-
agement in mind, there are few questions that might puzzle the unini-
tiated. Firstly, why do not companies perform tests to detect early life 
problems before shipping every machine to customers? Unfortunately, 
this would be a prohibitively expensive approach. While few compo-
nents (or at least samples out of a manufacturing batch) might be tested, 
it is very rare that companies can afford exhaustive testing. Secondly, 
why do not engineers and scientists design components in a way to avoid 
or radically mitigate hardware degradation and failure in the first place? 
In a way, design of industrial equipment does take hardware degrada-
tion and failure into consideration. For the most part, companies adopt 
different strategies, but it is fair to say that machines are designed to 
mitigate problems with known failure modes. Then, a level of conser-
vatism is added to account for unknowns. Designing for maintenance 
and sustainment could easily get even more complicated if we consider 
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the influence of manufacturing variability, quality control, mainte-
nance, and services levels over time. 

Under the previously discussed limitations, in almost all industrial 
segments, one would unfortunately find discrepancies between pre-
dicted and observed useful lives. Therefore, in prognosis and health 
management, much of the work is spent on building credible models for 
unexpected failure modes and/or machine degradation rates. These 
models almost never neglect subject matter expertise in terms of un-
derstanding machine design, manufacturing, and/or operation. Even 
when models are purely data-driven, one can argue that the choice of 
inputs (sometimes referred to as feature selection) can hugely benefit 
from engineering and domain knowledge. 

In addition, models have to be able to handle highly unstructured 
data. For example, most wind turbines are equipped with Supervisory 
Control And Data Acquisition (SCADA) system [8]. These systems are 
programmed to record data at regular intervals (e.g., every 10 min) and, 
due to nature of the system implementation, as opposed to recording 
raw data, the system usually records statistics such as mean, maximum, 
standard deviation, etc. Still in the wind turbine example, damage of 
major components (e.g., gearbox and main bearing) is quantified only in 
few inspections and tear-down studies. Hence, prognosis models also 
have to be able to combine multiple sources of information in order to 
reduce uncertainty in remaining useful life estimation. 

As we mentioned, prognosis models increasingly aim at predicting 
machine-specific failure, degradation rates, and/or remaining useful 
life; and therefore, they are used in a number of scenarios. One direct 
application is predict whether a duty cycle or mission can be executed 
reliably. Another example of application is short- and long-term forecast 
of quantities of interest such as useful life, cumulative damage, health 
index, etc. This is done on a machine-by-machine basis as well as across 
entire fleets of assets (e.g., wind park or fleet of aircraft). The output of 
such models are used, for example, to support decision regarding asset 
allocation (which machine will perform which mission) and mainte-
nance planing (e.g., maintenance scheduling and inventory manage-
ment). Although the computational cost of a single simulation may not 
be expressive; prognosis models run many times over in asset manage-
ment optimization. Therefore, considerations about computational 
environment are important while designing and implementing prog-
nosis models. 

Several challenges are common across prognosis and health man-
agement applications, including anomaly detection, feature extraction, 
remaining useful life estimation, and maintenance strategies develop-
ment and implementation [9–15]. The richness of modeling approaches 
used in prognosis and health management makes them widely applied to 
a number of fields as in operation management, manufacturing, trans-
portation, etc; and in a myriad of different industries [16–19]. With that, 
a vast literature has discussed and reviewed modeling approaches for 
prognosis and health management, ranging from probabilistic methods, 
to machine learning and deep learning, hybrid models, and beyond. 

This survey contributes to existing prognosis and health manage-
ment literature by discussing how modeling in support of prognosis and 

health management is heavily influenced by industry-specific aspects 
(such as maintenance approaches, business model, supporting technol-
ogies, etc.). We direct the discussions of the survey to the challenges 
found in industrial equipment. We confirmed the paradigm shift in 
maintenance approaches for industrial equipment have evolved over the 
years. Most operators have moved away from run-to-failure and 
corrective maintenance and have been adopting predictive mainte-
nance, where models assist decision regarding operation and mainte-
nance levels. In addition, the growth in computational power and access 
to data have enable sophisticated models in line with recent initiatives 
towards digitization and the industrial internet of things [13,20,21]. We 
confirmed that prognosis models rarely rely on a single approach. 
Instead, most applications tend to lead to elaborated models with ele-
ments of statistical and machine learning often intertwined with 
reduced-order physics-based models. 

The methods, algorithms, and tools used in prognosis and health 
management are vastly applied in many industries. In this review, we 
present specific discussion of developments in onshore wind energy and 
civil aviation. We hope the discussion on these two industries will help 
situating how the technology adapts to the different business models. 

The remaining of the paper is organized as follows. Section 2 pre-
sents one way to break down different elements that form prognosis and 
health management. We discuss general aspects of maintenance, 
contributing factors for implementation of prognosis and health man-
agement, as well as supporting technology. Section 3 presents a survey 
of modeling and analytics used in prognosis and health management. 
Besides presenting a discussion on commonly used approaches, we also 
present a short summary of the past 40 years and also exemplify plat-
forms used to build models and how different companies are positioned 
in the market today. Section 4 illustrates a modeling approach that 
combines physics-informed and machine learning models into a single 
hybrid model. This strategy is growing in popularity since it combines 
the understanding of machine operation through reduced-order models 
with the potential that machine learning has in quantifying uncertainty. 
Section 5 discuss the implementation of prognosis and health manage-
ment in two industry segments: wind energy and civil aviation. We 
highlight the interplay between modeling and elements such as business 
model, purpose, etc. Finally, Section 6 closes the paper highlighting 
salient points and presenting few suggestions for future research. 

2. General considerations and implementation of prognosis and 
health management 

In this section, we briefly discuss what goes into implementing 
prognosis and health management. Fig. 1 illustrates some of the key 
aspects. Even though interconnections between the circles are not 
shown, one can imagine how complex they are in real life. For example, 
the business model of a particular organization definitely influences the 
maintenance approach. For some companies, it might make sense to 
implement proactive maintenance; for others, reactive maintenance 
might be just fine. In addition, we will also discuss how modeling and 
analytical methods for prognosis and health management have evolved 
with the operations and maintenance strategies that different industry 
segments have in place. Nevertheless, as a way to put modeling in 
context, we first discuss maintenance approaches and supporting tech-
nology (taking the opportunity to also introduce some of the jargon). 

2.1. Maintenance approaches 

Maintenance is at the heart of operation of complex industrial 
equipment as it constitutes a large portion of the costs involved in many 
industries. Semantics aside, Swanson [22] presents an interesting dis-
cussion of maintenance strategies and their impact in the performance of 
production plants. The author starts by defining overarching terminol-
ogy such as: 

Table 1 
Total airline cost in 2013 (adapted from [2]).  

Item % Contrib. 

Fuel and oil 33.4 
Aircraft ownership 10.6 
Maintenance and overhaul 9.4 
General and administrative 7.3 
Flight deck crew 6.8 
Reservation, ticketing, sales, and promotion 6.5 
Cabin attendants 6.5 
Station and ground 5.1 
Airport charges 4.9 
Passenger service 4.2 
Air navigation charges 4.1 
Other 1.2  
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• Reactive maintenance: where equipment is operated until failure oc-
curs; and only then repairs are performed to bring equipment back to 
operation.  

• Proactive maintenance: where equipment deterioration is monitored 
so that maintenance/repairs are performed to restore equipment to 
satisfactory condition.  

• Aggressive maintenance: where equipment is maintained with the aim 
of improving plant performance as opposed to the individual 
equipment performance or reliability. 

In Swanson’s view, preventive and predictive maintenance are 
included in proactive maintenance and target reducing the probability 
of unexpected equipment failures. The author also mentioned that pre-
dictive maintenance is sometimes referred to as condition-based 
maintenance. 

One might argue that the specific nomenclature and taxonomy vary 
from one industry to another, or even from one scientific community to 
another. Nevertheless, two points are worth considering. Firstly, main-
tenance is related directly to cost; which can come in the tangible form 
of parts, labor, etc., but also in terms of downtime, loss of production, 
warranties, etc. Secondly, proper maintenance improves equipment 
reliability and can restore its performance. For some industries, such as 
civil aviation, reliability is as important as performance and therefore, 
companies tend to be very careful while implementing their mainte-
nance strategies. Other industries might weight performance in contrast 
to strict reliability margins. For example, production plants with 
redundant production lines (redundancy acts as a parallel system and 
accommodates reduction in reliability of individual lines). 

As one might be already suspecting by now, maintenance approaches 
are highly dependent on technology level of equipment, business model, 
and aversion to risk. For example, a small wind park operator (few 
dozens of turbines) tends to be overzealous in operation and highly 
proactive in regards to maintenance, as unexpected events can impact 
revenue (due to downtime). On the other hand, large operators (hun-
dreds of turbines) might be able to afford uncertainty in terms of 
equipment reliability and can decide to delay maintenance as a tradeoff 
with current energy production. 

Naturally, maintenance approaches also evolved over time. Ad-
vances in the ability to run complex computational models, improve-
ments in material and manufacturing technologies, quality control, as 
well as sensing and monitoring allowed the systematic reduction of 
conservatism in design and operation of industrial equipment. With that, 

operators have been moving away from reactive maintenance and have 
been able to adopt different forms of proactive maintenance. 

2.2. Implementation factors 

We now recognize the different approaches to maintenance and we 
can imagine that the adopted approach can influence the level of so-
phistication of models. The more proactive the maintenance approach, the 
more predictive the models need to be. Before we discuss modeling though, 
we need to elaborate on important factors that shape the implementa-
tion of prognosis and health management (as they influence how one 
perform modeling and implement prognosis analytics):  

• Industry segment: one can argue that understanding the industry 
segment is potentially the most important aspect before even 
considering what prognosis means for that industry. Hardware 
degradation is usually associated with loss of performance and 
decreasing reliability. Some industry segments might be very averse 
to loss in performance. For example, consider machines in a pro-
duction line. Deteriorating performance of a critical machines can 
create a bottleneck in the production and dramatically decrease 
yielding. Other industries might be very sensitive to reliability. For 
example, in civil aviation reliability is related to safety and we do not 
need to discuss how serious the consequences of degrading reliability 
could be.  

• Business model: modeling is supporting technology to a business. 
Therefore, the business model of a company is an important aspect to 
consider when building models that will support decision making. 
For example, if an equipment has parts that are very expensive and 
dominate the maintenance costs (e.g., hot gas path blades of an 
aircraft engine), prognosis models tend to focus on accurate predic-
tion and monitoring of hardware degradation. On the other hand, if 
maintenance cost is dominated by downtime, maintenance equip-
ment and labor; then, analytics tend to focus on optimizing main-
tenance schedule. Therefore, it is unlikely that one will find “one size 
fits all” solutions, although patterns might exist.  

• Purpose: once the business model is understood, the next immediate 
point to consider might be the purpose of the analytic. The purpose of 
a prognosis model is to aid decision regarding a specific aspect of 
asset operation and/or fleet management. For example, an analytic 
can help deciding how many spare parts are needed next month or 
year. Alternatively, analytics can also help with decision of what are 
the duty cycles (missions) that lead to the safest operation in the next 
few days. Obviously, these two models are very different in terms of 
implementation, data required, acceptable uncertainty, etc.  

• Development: analytics are developed, tested, and validated with care 
and rigour before final deployment. Most of the time, a multidisci-
plinary team of highly skilled scientists and engineers work together 
to tackle challenges associated with several aspects of model devel-
opment. Activities in the model development include, but not limited 
to, understanding of hardware operation and degradation, data 
acquisition and curation, analysis of modeling methods and impact 
of assumptions, verification and validation, quality assurance and 
robustness test of resulting computer models, etc.  

• Deployment: in other words, once the analytics are developed and 
validated, what is the computational environment the models will 
run and what is the support level they will need throughout their 
use? Many practitioners might have lived long enough to have 
worked entire solutions using simplistic spreadsheet software. 
Nevertheless, the growth of computer power and access to data 
opens up the opportunity for sophisticated high-performance and 
cloud computing solutions [23,24]. While some organizations might 
be willing to take on the task of deploying and sustaining analytics, 
others might prefer outsourcing at least part of the solutions. 

Fig. 1. Prognosis and health management and peripheral web of approaches, 
factors, and technologies. 
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2.3. Supporting technologies 

Once maintenance approaches and implementation factors are un-
derstood, we are ready to discuss the supporting technologies for 
prognosis and health management:  

• Sensing: there are no questions that data is at the center of most 
recent developments in prognosis. However, to the surprise of the 
uninitiated, in industrial applications, data still tends to be highly 
unstructured. At least part of this data comes from the machine 
control units (such as SCADA system in the case of wind turbines 
[25,26]), which is optimized for machine control and performance, as 
opposed to diagnosis and prognosis. Although they are still a luxury, 
it is true that structural health monitoring systems with sensors and 
processing units dedicated to diagnosis and prognosis have been 
increasingly deployed in many applications. This is the case of 
“condition monitoring systems” used in wind turbines [27–30]. Be-
sides thermocouples and accelerometers, structural health moni-
toring sensors include, but are not limited to, comparative vacuum 
monitoring [31], fiber Bragg grating sensors [32], Eddy current [33], 
ultrasound sensors [34], and even dye penetrant inspection [35]. 
Unfortunately, in many cases, and certainly for legacy equipment, 
such systems might not be present (cost analysis might even rule 
them out as a retrofit). Practitioners can also face problems beyond 
the ones previously mentioned. While data obtained through sensors 
used for controlling the equipment tends to be plentiful (which does 
not mean this data is problem-free), degradation and failure data can 
impose significant challenges due poor sensing and characterization 
methods. For example, Fig. 2 shows two examples of high pressure 
turbine vanes after they accumulated a number of cycles. While it is 
easy to recognize that both present different levels of damage, one 
can imagine the challenges involved in quantifying the damage 
(degradation) level. For example, should the damage quantification 
segment the vane per region of interest (leading edge, trailing edge, 
concave side, and convex side)? What are the metrics (crack length, 
percent loss of coating, etc.) that could be used to quantify damage? 
Does it pay to develop an automated technique that quantifies 
damage (however it is measured)? Or alternatively, are visual in-
spection and expert judgement sufficient information for building 
predictive models? 

• Data storage/availability/quality: data coming from sensors, in-
spection, and other sources are eventually used to build the analytics 
that drive decision making in prognosis and health management. It is 
only fair that a sizeable effort goes into ensuring access and quality of 
data. In large operations, gathering data and making it available can 
be a challenge by itself. The reader is invited to think about how 
challenging it is to handle data of a fleet of aircraft flying routes 
spanning from long-haul domestic to transcontinental flights. As-
sume at least two flights per day for each aircraft in the fleet with 

hours of operations, hundreds of sensors exposed to diverse signal-to- 
noise ratio, and data acquisition rates that can vary from millisec-
onds, to minutes, to event triggered. The volume of data by itself is a 
major problem, but not the only one. In order to be useful, data has to 
be gathered and accessible (issues with security, metering, connec-
tivity, and mapping across multiple sources) and then properly 
treated to ensure quality (including data cleansing, missing data 
estimation, schema generation, and query engine setup). Readers 
interested on more in depth discussions on data quality aspects on 
prognosis and health management applications are referred to 
[36–40].  

• Modeling: in industrial applications, more often than not, multiple 
models are be used to simultaneously diagnose, track and forecast 
the state of machine health. With these multiple models, engineers 
and practitioners can take informed decisions about what to do with 
the specific machine. With that in mind, one might feel tempted to 
start categorizing the types or families of algorithms that can be used 
to build prognosis models, such as Fig. 3 does for machine learning. 
The cold reality in prognosis is that, most of the time, models are 
built to understand machine deviation from design. After all, if 
failure could be avoided in design, prognosis would not be needed in 
the first place. Given how challenging this task is, it is unlikely that 
one single modeling approach is used for building prognosis models. 
Since the main focus of this paper is surveying review some of the 
important aspects of modeling for prognosis, we will save the dis-
cussion for a dedicated section.  

• Repair: for the sake of this paper, we will consider “repair” to be all 
that goes into fully or partially restoring the functionality of a 
component (or system) that has already accumulated service life 
while also preserving acceptable reliability levels. This way, repair 
technologies have to balance cost of repair with the regained useful 
life and are highly industry- and application-dependent. Although 
further discussion on repair technologies is outside the scope of this 
paper, the interested reader is referred to the following literature for 
some examples in gas turbines [41–43], aircraft structures [44,45], 
and wind energy [46,47]. 

It is expected that the relative importance of the previously discussed 
factors will vary on a case-by-case basis. Nevertheless, once this is 
realized, prognosis and health management becomes much easier to 
propose, develop, and implement. In the next section, we discuss 
important elements from an analytics perspective. 

3. Predictive modeling and analytics for prognosis and health 
management 

As we have been discussing, prognosis and health management 

Fig. 2. Condition of high-pressure turbine guide vanes after many cycles of 
usage. Pictures adapted from https://commons.wikimedia.org/wiki/File: 
Repair_process_for_a_V2500_high-pressure_turbine_guide_vane_(1).jpg and 
https://commons.wikimedia.org/wiki/File:Repair_process_for_a_V2500_high 
-pressure_turbine_guide_.vane_(3).jpg. 

Fig. 3. Sample of machine learning methods that can be used to build prog-
nosis models. 
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encompass a complex web of approaches, factors and technologies 
(Fig. 1). On the supporting technology side, we would like to extend the 
discussion about modeling approaches, historical perspective, imple-
mentation, and deployment of analytics. Fig. 4a illustrates an idealized 
final goal of a prognosis and health management analytics. Assets, such 
as a jet engines, are monitored on a serial number basis. Sensor data is 
broadcast directly to the “cloud.” This valuable information run against 
a pipeline of analytics. At the end, powerful interfaces, designed with 
user-experience in mind, display the results for decision-makers. In 
order to achieve this vision though, there are many challenges an or-
ganization needs to overcome. As briefly depicted in Fig. 4b, from 
accessing and gathering the data to deploying the analytics at scale, 
there is a long list of technologies that need to be put in place. Some of 
these, such as cyber security (obviously the connectivity should not 
expose industrial equipment to cyber attacks) and metering (data is 
usually billed by volume) exemplify how information technology plays 
an important role in prognosis and health management. Further dis-
cussion on how some of the challenges shown in Fig. 4b relate to 
prognosis and health management can be found at [48–51]. 

Next, we will focus our attention on modeling for prognosis and 
health management. We start by reviewing some of the commonly used 
modeling approaches. We will cover different modeling methods but 
also offer a historical perspective for how analytics evolved over time. 
Instead of providing a deep dive into all the methods, our goal is to 
illustrate how the prognosis and health management community have 
met the evolving needs of the industry. Then, we finish this session by 
discussing implementation and deployment, including few examples of 
companies that have thrived in this space. 

3.1. Modeling approaches 

By now, one should realize that much of the challenge in building 
prognosis analytics comes from dealing with data issues including, but 
not limited to, noisy sensors, outliers, missing and corrupted data, data 
forecast, and partial information. Relevant literature is drawn from 
fields such as statistical and machine learning and popular methods 
include probabilistic principal component analysis [52–54], spatial dy-
namic panel data model [55,56], Bayesian temporal tensor factorization 
[57], auto-encoder, variational auto-encoder [58,59], generative 
adversarial networks [60,61], among others. 

In many applications, departures and anomalies in the data are used 
as diagnosis, while drifts in certain trends can be used as rudimentary 
prognosis. Obviously, simplified models that feed from anomaly detec-
tion and monitoring of trends can be very convenient and easy to 
implement. However, the use of such models for prognosis is often 
limited by their lack of explainability and their inability to extrapolate. 
On top of that, industrial equipment is monitored by remote control and 
operation centers. This way, an excessive number of false alarms and 
near misses produced by a poorly performing analytic could reduce the 
credibility of the approach and, as a result, the prognosis model becomes 
invalid. 

Therefore, credible models are of utterly importance in prognosis 
and health management. Unarguably, a very desirable situation happens 
when physics is well understood to the point that degradation and 
failure can be modeled accurately and computational cost of such 
models are compatible with the application requirements. Even under 
these circumstances, one should be aware that purely physics-based 
models are rarely used. In general, there is at least one element of un-
certainty quantification and model updating that is almost inevitable 
due to cumulative uncertainties coming from loads and boundary con-
ditions as well as variations in material properties. For example, Daigle 
and Goebel [62] formulated physics-based prognostics as joint state- 
parameter estimation problem, in which the state of a system along 
with parameters describing the damage progression are estimated. This 
is followed by a prediction problem, in which the joint state-parameter 
estimate (and associated uncertainty) is propagated forward in time to 
predict end of life and remaining useful life. They demonstrate their 
methodology in the estimation of remaining useful life of centrifugal 
pump used for liquid oxygen loading located at the Kennedy Space 
Center. Literature reporting successful implementation of physics-based 
prognosis and health management is very rich. Examples include, but 
are not limited to, bearings failure [63], Lithium-ion batteries [64,65], 
structures subjected to corrosion-fatigue [66], fatigue of turbine disks 
[67], powertrain of unmanned aerial vehicles [68]. 

One of the benefits of using theory-guided models is that they are 
based on understanding of degradation mechanisms (using laws of 
physics, chemistry, etc.). Unfortunately, real-life applications are inev-
itably subjected to challenges associated with identification of failure 
modes, sensitivity of failure and damage accumulation to operating 
conditions, robust isolation of hardware degradation during operation, 
data problems (noisy sensor readings and missing data, etc.), accuracy 
and computational cost of physics-based models, interdependence of 
large system processes, blunt lack of domain knowledge. Therefore, it is 
understandable that machine learning methods find home in prognosis 
and health management. 

With that said, we would like to open the discussion about machine 
learning methods by re-stating that they are subjected to the no free lunch 
theorems [69,70]. These theorems (established at the end of the dark 
ages of machine learning) state that all learning and optimization al-
gorithms will perform equally well if their performances are checked 
against all possible learning problems. Alternatively, we also can state 
that no single learning algorithm will always outperform all others. As a 
consequence, practitioners are never bounded by one particular algo-
rithm. Si et al. [71] reviewed statistical data driven approaches for 
prognosis that rely only on available past observed data and statistical 

Fig. 4. Idealization and technical challenges of building analytics for prognosis 
of industrial equipment. 
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models (regression, Brownian motion with drift, gamma processes, 
Markovian-based models, stochastic filtering-based models, hazard 
models, and hidden Markov models). Khan and Yairi [72] reviewed the 
application of deep learning in structural health management (simple 
autoencoders, denoising autoencoder, variational autoencoders, deep 
belief networks, restricted and deep Boltzmann machines, convolutional 
neural networks, and purely data-driven versions of recurrent neural 
networks, including the long short-term memory and gated recurrent 
units). They found that most approaches are still application specific 
(unfortunately, they did not find a clear way to select, design, or 
implement a deep learning architecture for structural health manage-
ment). They also advise that a trade-off study should be performed when 
considering complexity and computational cost. Instead, most 
acknowledge that algorithms should be seen as tools. A very short dis-
cussion of the different modalities of machine learning in prognosis and 
health management is shown in Table 2. Besides the modalities dis-
cussed, we recognize the substantial work merging physics and statis-
tical learning methods such as Bayesian networks and Kalman filter 
[63,73,74]. 

3.2. Summary of the past 40 years 

Researchers have been very active on the field of on modeling and 
analytics for prognosis and health management. Here, we provide few 
samples of papers published over the past 40 years on a decade basis. 
This will allow us to contextualize the gains in computer power and 
development tools later on. 

Sample of papers published between 1980 and 1990: 

• 1980 - Nelson [94] discussed maximum likelihood methods to esti-
mate a model for life as a function of constant stress. Initially, the 
author provided an illustrative data from a step-stress test of cable 
insulation, and then used a Weibull model that describes the stress- 
life relation for the case. Then, the author estimated the parame-
ters of the model through maximum likelihood, and validated the 
estimations over a different cable’s test data. Inferring from the 
validation results, the paper is concluded with the remarks on how to 
interpret the statistical findings and the effect of number of samples 
used to fit the models.  

• 1984 - Chow and Willsky [95] published a work on designing robust 
failure detection systems. Their proposed method utilizes parity 
functions in order to generate residuals, which are exposed to several 
statistical tests for fault diagnosis and identification. The authors 
tested their approach on a numerical example, where they consid-
ered a four-dimensional system operating at a set-point with two 
actuators and three sensors. The goal was to successfully detect a 
sensor failure of a system. The paper pointed out the importance of 
residual generation process, which yields to accurate fault 
identification. 

• 1985 - Renwick and Babson [96] studied the benefit of using vibra-
tion signals as a predictive maintenance tool. The authors combined 
discrete frequency vibration data with the demodulated signal- 
conditioning technique, which they refer as “quality information”. 
Their proposed method is demonstrated on several case studies, such 
as a loose pedestal bearing on the pinion drive of finish mill, shearing 
of coupling bolts on a cooler vent fan motor shaft, and a bearing fault 
in a gear reducer. Finally, the authors layout three different level of 
instruments to acquire vibration signals on different qualities, and 
discussed the usage of each instrument for each case presented in 
terms of reliability and cost trade-off perspective.  

• 1988 - Gertler [97] investigated failure detection, isolation, and 
identification algorithms based on reduced order models, residual 
generation, statistical testing, and sensitivity analysis. The author 
discussed the applicability of these methods in problems such as 
sensor biases, actuator malfunctions, leaks, and equipment 
deterioration. 

Sample of papers published between 1990 and 2000 

• 1993 - Lu and Meeker [98] studied how degradation measures ob-
tained from life cycle tests (which have either no failures or only a 
few) can be used to create a time-to-failure distributions. The authors 
evaluated approaches such as general path and multivariate normal 
models for nonlinear regression of observed degradation. They also 
suggested using Monte Carlo simulations in the case where the 
degradation model does not have a closed-form expression for time- 
to-failure distribution. The authors demonstrated the effectiveness of 
their approach on a fatigue crack growth example.  

• 1996 - Lee [99] implemented a pattern discrimination model based 
on cerebellar model articulation component for fault detection and 
preventive maintenance. The neural network model is initially 
trained with desired (or normal) behavior of the machine. Then, the 
model is used to detect any deviation from the normal behavior and 
depending on the magnitude of deviation, a new confidence level is 
assigned for reliability of the machine. 

Table 2 
Modalities of machine learning and application to prognosis modeling.  

Modality Applicability Examples 

Unsupervised 
learning 

When the data set lacks 
detected patterns and/or 
clearly defined input–output 
labeling, algorithms are used 
to separate and start 
identifying hidden patterns in 
the data. 

Prognosis and health 
management literature 
reports successful 
applications of clustering in 
electrical motors [75] and 
milling machines [76]; self- 
organizing maps in 
monitoring of mechanical 
structures [77] and 
pneumatic actuator fault 
detection [78]; and hidden 
Markov models in fault 
identification of turbofan 
engines [79] and bearings  
[80].  

Supervised 
learning 

When the data allows 
distinction between inputs 
and outputs, models are built 
to explain the relationship 
that maps inputs into outputs. 
This is probably the machine 
learning modality with most 
reported examples in 
prognosis and health 
management. 

Examples include, but are far 
from being limited to, 
ensembles of classifiers in 
remaining useful life 
estimation of tungsten 
filaments [81]; recurrent 
neural networks for gear 
prognosis [82]; deep learning 
for degradation of aircraft 
engines [83]; and support 
vector machines for failure of 
reactor coolant pumps [84].  

Reinforcement 
learning 

When machine learning is 
modeled as a multi-agent 
problem where data is used to 
train agents seeking to 
maximize a reward function  
[85,86]. 

This is a relatively unexplored 
modality, but examples from 
the prognosis and health 
management literature 
include design of fault- 
adaptive control strategies  
[87] and bridge health 
monitoring [88].  

Physics-informed 
learning 

When knowledge about 
partial differential equations 
is used to design and/or train 
the deep learning models  
[89–91]. 

Chao et al. [92] discuss how 
hybrid physics-informed and 
machine learning models can 
be used for prognostics of 
complex safety critical 
systems. Viana et al. [93] 
discuss how to build hybrid 
recurrent neural networks for 
cumulative damage modeling 
by merging physics-of-failure 
kernels with machine 
learning for estimation of 
model inadequacy.  
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• 1996 - Ray and Tangirala [100] presented a stochastic model of fa-
tigue damage, online sensing, failure prognosis, decision-making, 
and life extending control in complex dynamical systems. The au-
thors described their method in two parts. The first part is the 
deterministic model which follows a short crack growth model, and 
the second part is the stochastic model based on the extended Kal-
man filter. They closed the paper with a verification study against 
actual fatigue crack data collected from 2024-T3 aluminum alloy 
panels. With these results, the authors showed that their method is 
computationally efficient and suitable for online application.  

• 1999 - DePold and Gass [101] presented a framework based on 
artificial neural networks to build gas turbine prognostics and di-
agnostics. The authors combined neural networks, Kalman filters, 
Bayesian and evidence based decision making, along with an expert 
system to perform value analysis in making condition-based main-
tenance recommendations. Their framework was tested on a case 
where a crack occurred on a gas turbine engine combustor with 
notable prediction accuracy.  

• 1999 - Li et al. [102] proposed an adaptive approach to estimate 
remaining life of rolling element bearings using a reduced-order 
model tuned with vibration data. Their methodology is based on 
fine-tuning a model inspired in the Paris’ law using recursive least 
square. The authors provide both simulation and experimental 
investigation of the performance of their approach. 

Sample of papers published between 2000 and 2010  

• 2001 - Wang and Vachtsevanos [103] used dynamic wavelet neural 
networks for prognosis. Their proposed model was able to take the 
information from diagnosis, predict the remaining useful life of the 
component dynamically, and also output a maintenance window for 
condition-based-maintenance. The authors illustrated their method 
on an example where crack propagation on a bearing is tracked 
through vibration measurements. 

• 2003 - Qiu et al. [104] investigated rolling element bearing prog-
nosis using wavelet filters. They addressed the problem of weak 
anomaly signals, which are challenging to identify in onset of failure. 
In addition, the authors propose a self organizing map based method 
to construct feature space, detect degradation, and assess perfor-
mance. An experimental validation is performed with run-to-failure 
test and vibration data from four bearings. 

• 2006 - Jardine et al. [9] reviewed diagnostic and prognostic ap-
proaches such as statistical models, artificial intelligence methods, 
and model-based techniques. The authors divided and discussed the 
condition-based maintenance process in three distinct steps: data 
acquisition, data processing, and maintenance decision support. 
Encouraged by the increasing number of complex systems with 
multiple sensors, they also examined the techniques to fuse sensor 
data for advanced diagnosis and prognosis of machinery.  

• 2008 - Wu and Liu [105] considered using discrete wavelet transform 
and neural networks for the problem of internal combustion engine 
fault diagnosis. While the discrete wavelet transform is used to 
extract features from acoustic emission signals, a multi-layer per-
ceptron is utilized for classification of the fault. The authors verified 
their framework on an experimental rig, where a gasoline direct 
injection engine’s sound emission signals are analyzed and classified 
with high accuracy.  

• 2009 - Zhang et al. [106] outlined a framework in order to merge 
physics-of-failure models with data-driven approaches for prognos-
tics and health management. In their framework, physics-of-failure 
model is used to define failure criteria and thresholds for the data- 
driven portion, and data-driven part is used for the calibration of 
physics-of-failure model. The authors close the paper with a futur-
istic vision where the hybrid approaches will be a cost-effective op-
tion for the prognostics and health management of complex 
industrial systems. 

Sample of papers published between 2010 and 2020 

• 2011 - Sikorska et al. [10] presents an in depth overview for prog-
nostics model selection for industrial application. The discussion 
begins with the dissection of basic definitions of prognostics. Then, 
the authors underline some key aspects from the implementation 
point of view, and present a brief classification to the methods of the 
time. The paper provides a comparison of modeling approaches with 
discussion of advantages, disadvantages, and niche of applications.  

• 2016 - Mosallam et al. [107] presented a data-driven prognostic 
method based on Bayesian approaches. The authors described their 
two-phase framework. While the offline phase constructs custom 
health indicators that contain information on the degradation of the 
system and builds reference models; the online phase attempts to 
classify real-time health indicators to the ones in the reference 
database to evaluate remaining useful life. Finally, a discrete 
Bayesian filter is employed to estimate the state of the degradation. 
Battery and turbofan engine degradation data obtained from a NASA 
repository are utilized to test the introduced framework, and low 
mean absolute percentage error is observed in both applications.  

• 2018 - Li et al. [108] used deep convolutional neural networks for 
prognostics of industrial assets. The method adopted a time window 
approach for improved feature extraction, avoiding the need for 
prior expertise knowledge or signal processing. The authors illus-
trated the accuracy of the approach with the remaining useful life 
estimation of aero-engine units. Authors also compared their pro-
posed framework against the other state-of-the-art data-driven ap-
proaches, such as long short-term memory, convolutional neural 
networks, and deep belief networks.  

• 2019 - Kordestani et al. [109] reviewed recent advancements in 
failure prognosis. Initially, the authors laid out some fundamental 
concepts regarding fault diagnosis and prognosis, and categorized 
current available and widely used prognosis methods based on their 
characteristics, advantages, and disadvantages. Then, authors go 
over the model building task with approaches such as wavelet 
transform, extended Kalman filter, fuzzy logic, Gaussian process, 
hidden Markov modeling, deep learning, and many others. Later in 
the paper, the authors built a connection in between these methods 
and the two of the most popular application fields, batteries and 
rotating machinery systems. Authors conclude the manuscript with a 
rich discussion on promising research directions.  

• 2020 - Yucesan and Viana [110], Dourado and Viana [111], and 
Nascimento and Viana [112] introduced a hybrid implementation 
that combines together physics-based reduced order models and 
neural networks for cumulative damage modeling. In their approach, 
the physics-informed kernels constrain the neural network outputs 
while the data-driven kernels quantify model-form uncertainty. Au-
thors demonstrated their approach with applications in wind turbine 
main bearing fatigue as well as corrosion-fatigue and fatigue crack 
growth of aircraft fuselage panels. The Python packages that im-
plements their hybrid physics-informed neural networks and 
application-specific data are freely available at [113–115]. 

Prognosis and health monitoring have found a broad spectrum of 
applications over the years. Besides many of the papers already 
mentioned, we illustrate in Table 3 few other publications to show the 
rich variety of applications. 

3.3. Implementation and deployment 

With the hurdles that are illustrated in Fig. 4b in mind, we 
acknowledge that the expertise required for implementation and 
deployment at scale can only be achieved by multidisciplinary teams (if 
not multiple organizations). Lee et al. [139] for a very present an 
interesting and very detailed discussion of technologies and tools for 
asset management with careful coverage of several aspects of prognosis 
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and health management. Authors broke the deployment platforms into:  

• Stand-alone workstation: commonly used solution with advantages 
such as potentially high computational power and fast data transfer 
and drawbacks such as difficult software integration/update. 

• Embedded solution: used when edge devices can be run online an-
alytics dedicated to prognosis and health management. It has ad-
vantages such as low latency between data and processing and 
disadvantages such as need for wireless/internet communication.  

• Cloud-based platforms: used when application demands powerful 
computations and handling of large amounts of data. Advantages 
include flexibility of implementation and support from large eco- 
system and drawbacks include dependence on internet and issues 
related to privacy and cyber security. 

In this paper, we start by first providing a short list of interesting and 
powerful modeling frameworks that can be used to build models:  

• TensorFlow and PyTorch: Google released TensorFlow1 as an open 
source project in 2015 [140]. Facebook AI Research team open 
sourced PyTorch2 in 2017 as a Python interface to Torch (C++

backend) [141,142]. Both packages have been used for research, 
development and production use cases for all aspects of the machine 
learning pipeline from data ingestion, preprocessing, model build-
ing, probabilistic analysis, and production deployment to multiple 
environments (CPUs, GPUs, TPUs, mobile and other edge devices).  

• BUGS and JAGS: BUGS3 (Bayesian inference Using Gibbs Sampling) 
is one of the most widely used MCMC packages [143]. BUGS per-
forms Bayesian inference based on the concept of graphical models, i. 
e., the users are required to convert their computer model to a 
graphical model using the BUGS language. JAGS4 (Just Another 
Gibbs Sampler) aims to provide the same functionality as the BUGS 
package with more extensibility [144]. Similarly to BUGS, JAGS also 
uses a built-in expert system for the selection of MCMC algorithm.  

• MATLAB: MathWorks5 have a wide range of products for modeling 
and analysis. Recently, the company introduced their predictive 
maintenance toolbox [145], that enables users to label data, design 
condition indicators, and estimate the remaining useful life of a 
machine. 

Implementation and deployment of models in a prognosis and health 
management is highly dependent on what are the priorities and re-
sources of an organization. In a way, companies that offer products or 
implement their own solutions for prognosis and health management for 

industrial equipment are usually the original equipment manufacturers 
(vendors for equipment and or entire systems), the operators themselves 
(e.g., airline companies or a wind park operators), and independent 
service providers (which, these days, can include software companies). 
Naturally, original equipment manufacturers and operators have been 
actively involved in providing prognosis and health management solu-
tions. For example, besides segment-specific offerings [3,4], companies 
such as GE and Siemens have also offered software solutions, such as 
Predix [146] and Digital Enterprise [147], as solutions to monitor, 
manage, and optimize the assets performance and reliability. Operators 
such as Lufthansa Technik, a subsidiary of the Lufthansa Airlines, have 
also offered their prognosis and health management solution through 
the Aviatar software [5], which can be used to monitor and apply pre-
ventive maintenance for aircraft fleets. Independent service provider 
also play an important role in the prognosis and health management 
market. For example, Romax provides Enduro [148], which enables 
durability and life calculations with high-fidelity physics-based models; 
and Gastops [6] offers services ranging from remote monitoring to 
maintenance overview. 

Recently, software companies have been expanding their portfolio 
towards prognosis and health management of industrial equipment – 
probably a reflect of the growing interesting in industrial internet of 
things. Most of these companies offer products that tackle at least one of 
the challenges illustrated in Fig. 4b. They tend to provide predictive 
maintenance solutions that are independent of original equipment 
manufacturers; and therefore, can be deployed by many different op-
erators. Their business models can vary drastically, although software as 
a service and outcome as a service [149,150] have been dominating the 
market lately. In general, their products are built on the premise of 
operational savings and increased productivity due to digitalization of 
assets, maintenance planning and optimization, reduced downtime, 
component life extension, increased availability and reliability, etc. 
Examples of such companies include Senseye [151], Sentient Science 
[152], and Uptake [153], and the list could go on and on. Overall, 
software companies can become important sole players in prognosis and 
health management or partners of original equipment manufacturers 
and operators. 

4. Hybrid physics-informed neural networks 

As we discussed, by their own nature, prognosis and health man-
agement models tend to be hybrid in nature (and encompass multiple 
tasks from data cleaning all the way to predicting remaining useful life). 
Nevertheless, there has been recent and growing interest in the simul-
taneous use of physics-informed and deep learning models. Fink et al. 
[15] present an interesting review with a very contemporary view at 
deep learning and prognosis modeling. Besides natural extensions of 
deep learning technologies such as natural language processing applied 
to extracting information out of maintenance reports and computer 
vision applied to inspection, authors discussed modeling involving time 
series sensor data. Deep learning methods such as convolutional neural 
network and recurrent neural networks are used to build these models. 
Authors also present physics-informed neural networks as a promising 
strategy can integrate the underlying physical models and reduce the 
need for large clean datasets. 

We recognize that there are many different ways to implement 
hybrid models [63,73,74,154]. Here, we will provide a brief overview of 
one possible strategy that leverages directed acyclic graphs [155, Ch. 2] 
and deep neural networks for cumulative damage modeling. 

4.1. Overview of the formulation 

The framework we present here is suitable for problems described by 
ordinary differential equations. For simplicity, we will detail the 
formulation and illustrate case studies of systems described by the 
following initial value problem 

Table 3 
Additional examples of applications (throughout the paper, we also illustrate 
many other interesting applications, not included here to avoid redundancy).  

Field Area References 

Physical Aerospace/Space [116,117] 
Sciences Chemical engineering [118,119] 
& Engineering Civil/Infrastructure [120–122]  

Energy/Propulsion [123–126]  
Materials/Manufacturing [127,128] 

Life & Health Agriculture [129,130] 
Sciences Environmental sciences [131]  

Pharmaceutical industry [132]  
Medicine [133,134] 

Social Sciences Business [135,136] 
& Humanities Decision making [137,138]  

1 www.tensorflow.org.  
2 www.pytorch.org.  
3 www.openbugs.net.  
4 www.mcmc-jags.sourceforge.net.  
5 www.mathworks.com. 
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da
dt

= f (x(t), a), (1)  

such that f(.) describes the damage increment rate, x(t) are the time- 
dependent inputs, a is the damage metric, and the initial condition 
defined by x(0) = x0 and a(0) = a0 is known. 

As discussed in detail in [110–112], we can use recurrent neural 
networks [156–158] to model cumulative damage. As illustrated in 
Fig. 5a, recurrent neural networks repeatedly apply transformations to 
given states in a sequence such that 

at = f (xt, at− 1), (2)  

where t ∈ [0,…,T] represent the time discretization. 
Fig. 5b allows for a comparison between the popular long short-term 

memory [159,160] cell and the specialized recurrent neural network 
cell design that can perform numerical integration of Eq. (1) by using the 
Euler method. Rigorously speaking, there are only two major constraints 
when implementing f(.) within the Euler cell. Firstly, the computational 
cost should ideally stay within the linear algebra typically found in deep 
learning. Secondly, the gradients of the cell output with respect to the 
trainable parameters should be available so that backpropagation can be 
performed. For the cases in which the gradients can not be implemented 
directly, we do not favor the implementation through finite differences 
and alike, as these tend to have undesirable errors and do not scale well 
with dimensionality. Alternatively, we recommend implementation 
considering automatic differentiation (an accessible review on auto-
matic differentiation is found in [161]). The interested reader can also 
find a discussion on how to extend this idea to Runge–Kutta integration 
in [162]. 

4.2. Application example: wind turbine main bearing fatigue 

We will use bearing fatigue as an example of hybrid physics- 
informed neural network model. Further discussion about the chal-
lenges associated with main bearing diagnosis and prognosis can be 
found in [163,164,26,165–167]. In this example, we focus on the case in 
which predictive models are built solely on the basis of data coming out 
of supervisory control and data acquisition (SCADA) systems (time se-
ries of variables such as bearing temperatures, wind speed, yaw angle, 
etc.) and inspection and services data (scheduled visual inspection, 
maintenance records, etc.). For spherical roller bearings, fatigue dam-
age, aBRG, is given by [168]: 

daBRG

dt
=

1
c1c2

(
P
C

)10
3

, (3)  

where c1 is a reliability level factor (here we use c1 = 1.0, which cor-
responds to 90% reliability); c2 is an adjustment factor; P is the equiv-
alent dynamic bearing load; C is the design load rating; ηc is the grease 
contamination factor; ν is the viscosity; VW is the wind speed; TBRG is the 

bearing temperature; and aGRS is an indicator of grease degradation. 
We focus on a 1.5 MW wind turbine with 80 meters hub height, 

equipped with a main bearing in the three-point mounting configuration 
[168,169]. P and c2 vary over time due to wind speed and bearing 
temperature, but also due to grease condition, contributing to a non- 
linear bearing damage accumulation. Fig. 6a illustrates the variation 
of bearing loads with wind speed and Fig. 6b depicts the input–output 
relationship for ηc,ν, and c2. 

As illustrated in Fig. 7a, wind speed and bearing temperature are 
available throughout time6. Therefore, numerical integration of Eq. (3) 
should be straightforward. Unfortunately, quantifying the effect of 
grease degradation in ηc and ν in bearing fatigue from a first principles is 
extremely difficult [172,173]. Fig. 7b shows a very useful hybrid 
recurrent neural network that combines physics-informed bearing fa-
tigue and machine learning grease degradation. At the time t, bearing 
damage increment, ΔaBRG,t , is quantified through physics-informed 
nodes in the graph while a multilayer perceptron quantifies the grease 
damage increment, ΔaGRS,t : 

ΔaBRG,t =
1

c1c2,t

(
Pt

C

)10
3

, and

ΔaGRS,t = MLP
(
VW,t,TBRG,t, aGRS,t− 1; w, b

)
,

(4)  

where w and b are the multilayer perceptron hyperparameters. Table 4 
details the multilayer perceptron architecture. Optimization of hyper-
parameters was carried over up to 50 epochs using the RMSprop 
optimizer. 

The multilayer perceptron takes VW,t , TBRG,t , and aGRS,t− 1 as inputs 
and returns ΔaGRS,t , which is never observed. Therefore, the training of 
the physics-informed neural network has to use the damage aGRS avail-
able through grease inspection. Then, we can use the mean squared error 
as loss function, Λ: 

Fig. 5. Recurrent neural network and cumulative damage.  

Fig. 6. Non-linear time-dependent components of the bearing damage model. 
(See above-mentioned references for further information.) 

6 Built using data made available by the National Renewable Energy labo-
ratory [171]. 
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Λ =
1
n
(aGRS − âGRS)

T
(aGRS − âGRS), (5)  

where n is the number of observations, aGRS are grease damage obser-
vations, and âGRS are the predicted grease damage using the physics- 
informed neural network. 

In this example, we use 10 (out of 14 turbines that we have data for) 
to train the hybrid physics-informed neural network and left the other 4 
to test the model performance. Fig. 8a summarizes the grease damage 
prediction errors as we repeated the training of the model 10 times 
(varying the initial parameters of the multilayer perceptron). Since the 
computational cost associated with the training of the model is low (few 
hours), we can use this strategy as an insurance against poorly fitted 
models. 

After training, we can used the hybrid physics-informed neural 
network model to estimate grease damage accumulation and main 
bearing fatigue damage. Fig. 8b shows the prediction results against 
actual grease and bearing damage over time. Since the bearing is fully 
regreased every 6 months, the grease damage is reset back down to zero 
periodically. The solid-red and solid-green lines are obtained when fully 
degraded and non-damaged greases are used throughout the pre-
dictions, respectively. The slightly conservative grease damage pre-
dictions result in marginal conservative bearing fatigue life predictions. 
Overall, the hybrid physics-informed neural network models are able to 
predict bearing fatigue failure a few months earlier than when it actually 
happens. 

5. Discussion of two industry segments: onshore wind energy 
and civil aviation 

The tools used in prognosis and health management can be applied in 
many different segments (see Table 3). In this section, we illustrate the 
particularities of two distinct industries: onshore wind energy, and civil 
aviation. We will explore how the uniqueness of these industries affect 
their modeling implementations. The choice is solely based on our fa-
miliarity with the sectors and does not reflect any bias in terms of 
prognosis and health management. 

5.1. Onshore wind energy 

Wind energy consumption has increased more than 15 times in the 
last 20 years [174]. Therefore, concerns regarding availability and 
reliability of wind turbines are driven by operation and maintenance 

Fig. 7. Hybrid physics-informed neural network model and data used in the 
wind turbine bearing fatigue application. 

Table 4 
Multilayer perceptron architecture for grease degra-
dation increment, ΔaGRS.  

Layer #neurons/activation 

#1 40/sigmoid 
#2 20/elu 
#3 10/elu 
#4 5/elu 
#5 1/sigmoid  

Fig. 8. Box plot for grease damage prediction errors, computed as aGRS − âGRS. 
aGRS and âGRS are the observed and predicted grease damage, respectively. The 
different cases come from different initialization of multilayer perceptron. 

Fig. 9. Example of major wind turbine operator service expenses. Values are 
normalized by the first year expense reported by each company (NextEra: 
“Other operation and maintenance expenses” field in reports found at http:// 
www.investor.nexteraenergy.com/reports-and-filings/quarterly-financial-res 
ults// EDP: “Supplies and services expenses” field in reports found at 
https://www.edp. 
com/en/investors/investor-information/results-reports#results/ Avangrid: 
“Operations and maintenance expenses” field in reports found at https://www. 
avangrid.com/wps/portal/avangrid/Investors/investors/financialoperationalr 
eports). In addition, 2009 and 2019 total revenues are shown f.or illustration. 
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costs, which impact levelized cost of energy [175,176]. Interesting, this 
has propelled the services over the past few years, as illustrated in Fig. 9. 
The curves confirm that the service expenses of the operators increased 
as the sector expand. In order to relate this expansion with service ex-
penses we also reported the total revenue for the first and the last year 
for each company. The growth of service expenses being lower than 
growth of total revenue indicates that services has become more effi-
cient (reducing its impact in the levelized cost of energy). 

Sheng [177] covers the current status of the prognostics and health 
management of wind turbines and possible future opportunities that can 
advance the field further. Even though maintenance costs of a wind park 
are spread over many items; here we will focus on major capital com-
ponents such as the blades, pitch bearings, main bearing, gearbox, and 
generator. Next, we will illustrate few papers found in the scientific 
literature that discuss prognosis and health management modeling 
applied to these components. 

5.1.1. Gearbox 
Without a doubt, when it comes to prognosis and health manage-

ment, the gearbox is the most studied component of the wind turbine. 
Teng et al. [178] proposed a method to diagnose the fault with analysis 
of frequency spectrum, and then fuse artificial neural networks based 
short-term tendency prediction and polynomial fitting-based long-term 
tendency estimation. Provided application example shows a safe prep-
aration time for preventive maintenance with an acceptable error. 
Prognosis of high-speed shaft bearings is investigated by Saidi et al. 
[179] through two-step approach with spectral kurtosis and support 
vector regression. While indices obtained via spectral kurtosis are used 
for fault detection, support vector regression is used to model the 
degradation trend. In a recent study, Qui et al. [180] utilized the SCADA 
data along with conventional fatigue life assessment approaches (i.e. 
Palmgren–Miner’s rule, S-N curves) in order to quantify gearbox gear 
fatigue lives. The resultant model is able to present the degradation 
trends of different gear components due to variation in the wind speed. 
The prediction of the remaining useful life of a gearbox has been studied 
with current signal analysis by Cheng et al. [181]. The proposed method 
makes use of an adaptive neuro-fuzzy inference system to mimic the 
state transition between generator and gearbox, and then make pre-
dictions via particle filtering. The interested reader can also find a series 
of publications by the National Renewable Energy Laboratory address-
ing gearbox reliability [182–185]. 

5.1.2. Generator 
One of the early contributions by Guo et al. [186] on generator fault 

diagnosis relies on nonlinear state estimate for generator temperature. 
Proposed model identifies normal operation space by using improved 
memory matrix and flags any deviation from regular operation. The 
authors show the performance of their approach on a real wind farm 
with SCADA system data, and successfully detect failure on two different 
turbines before over temperature alert. In the context of generator 
bearings, vibration signals are examined with empirical wavelet trans-
form method [187] and sparse representation and shift-invariant K- 
means singular value decomposition algorithm [188]. 

5.1.3. Main bearing 
Early studies handled main bearing prognosis using only SCADA data 

to build a model to eventually output the remaining useful life of the 
component. Butler et al. [189] considered variables such as main shaft 
rotational speed, hydraulic brake temperature, hydraulic brake pres-
sure, and blade pitch position as well as a compensation for ambient 
temperature. As a result, they managed to provide a failure indication 
with a 30 day lead time. Watanabe and Uchida [190] estimate wind 
turbine rear bearing fatigue using standard bearing life calculations 
found in ISO 281. Their model showed good agreement with failures 
observed in Japan. While collected field data indicated L10=12.7 years, 
the model predicted L10=12 years. Authors also showed how their 

model could be used to quantify life extension through curtailment. The 
analytics can be improved with vibration data. Zimroz et al. [191] 
propose a method that uses vibration signals and is independent of 
operational conditions which makes it more effective than conventional 
diagnostic approaches. The authors approximate the load susceptibility 
characteristics of the component with a linear regression model to 
isolate the effect of operating conditions, and test their approach on two 
case studies, where first case study investigates the change in operating 
conditions, and the second one is replacement of a failed bearing with a 
new one under same operating conditions. Walker and Coble [192] 
propose a combined adaptive sampling and order tracking approach to 
investigate vibration sensor data for fault detection. In their case study, 
they were able to detect the bearing fault of one of the machines and 
confirmed the failure in post-mortem examinations. 

5.1.4. Blades and pitch bearings 
In an early work, Kusiak and Verma [193] utilized a data-driven 

approach to analyze and predict blade pitch angle faults based on fig-
ures such as blade angle implausibility and blade angle asymmetry. The 
authors tested different algorithms and found that, in their applications, 
the Gaussian process model performed best for fault detection. Chen 
et al. [194] proposed to use an adaptive neuro-fuzzy inference system in 
order to tackle pitch fault prognosis. The proposed approach used a 
priori knowledge to increase confidence in results. The authors show-
case their model on a wind farm with 26 wind turbines, and were able to 
detect pitch faults 21 days ahead of time. Godwin and Matthews [195] 
analyzed SCADA data for the purpose of classifying and detecting wind 
turbine pitch faults. They used repeated incremental pruning to provide 
human-readable rules based on data, and ended up with a classification 
accuracy of 85.50%. The authors refined these rules according to a 
domain expert’s feedback, and improved the accuracy to 87.05%, 
reducing pitch fault alarms by 42.12%. Dervilis et al. [196] used ma-
chine learning tools to diagnose wind turbine blade damage. By 
analyzing high frequency vibration responses, proposed method was 
able to detect the initiation of a crack, as well as the potential location on 
an experimental rig. Regan et al. [197] also studied blade damage 
detection with machine learning. After selecting a set of features based 
on acoustic-based damage detection, the authors used Logistic regres-
sion and support vector machine for decision making via binary classi-
fication. The method performance is evaluated in a laboratory 
environment, where support vector machine proved to have over 98% 
accuracy for blade damage detection. 

5.1.5. Consumables 
Consumables such as the lubricants also play an important role in 

overall machine reliability. Therefore, tracking lubricant condition is 
vital. Zhu et al. [173] proposed a methodology for estimating the 
remaining useful life of lubricant using viscosity and a dielectric con-
stant sensor output and integrating these parameters as an observation 
function by particle filtering technique to predict the remaining useful 
life of the lubricant. Their proposed model was validated by laboratory 
experiments. Results of the conducted case study show that the single 
observation on dielectric constant sensor gives the best accuracy on the 
life prediction. Iyer et al. [172] proposed a method for the early detec-
tion of lubrication anomalies in oil-lubricated bearings. Authors inves-
tigated two types of anomalies: lack of lubricant and presence of 
contamination. In their study, they used acoustic emissions and vibra-
tion signals. Through experiments, they showed that these techniques 
not only detect the anomaly, but also provide an insight on the level of 
the anomaly. 

5.2. Civil aviation 

The safety requirements associated with civil aviation have driven 
implementation of prognosis and health management. As much of the 
industry, operations and maintenance are heavily regulated, both at the 
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national and international levels. A well-known time-based mainte-
nance set of checks in aviation is the “ABCD” check system shown in 
Table 5. The guidelines cover everything from daily checks, such as 
broad visual inspection grounding the aircraft for up to 8 h, to major 
inspection involving structural components and grounding the aircraft 
for up to 20 days. The frequency of each type of check is usually defined 
in accordance between original equipment manufacturers, operators 
and airworthiness authorities. 

Unfortunately, despite all the regulations and efforts to increase 
safety, improper maintenance still has a significant impact on reported 
accidents and incidents, as described in a study published by Marais and 
Robichaud [199]. As discussed by the authors, despite the downward 
trend, maintenance-related reports still accounts for roughly 5% of the 
overall accident and incident reports7. Their analysis also indicates that 
maintenance-related accidents are 6.5 times more likely to be fatal in 
general. 

Prognosis and health management in civil aviation reflects the 
complexity of the aircraft as a system. Nevertheless, here, we will give 
examples from the literature on modeling of critical sub-systems such as 
aircraft engines, airframe, actuators, landing gear, and avionics. 

5.2.1. Engines 
Several factors can lead to engine degradation, with the most 

commonly reported mechanisms being associated to blade erosion, 
fouling, and debris deposit [200]. Saxena et al. [201] described how 
damage propagation could be modeled within the modules of aircraft 
gas turbine engines. Response surfaces of engine sensors are generated 
using a thermo-dynamical simulation model for the engine. Then, a 
health index is defined as the minimum of several superimposed oper-
ational margins at any given time instant and the failure criterion is 
reached when health index reaches zero. Xu et al. [202] presented a 
fusion prognostics framework based on sensor data, aiming to increase 
aircraft engine’s condition forecasting accuracy. The proposed 

framework was employed to predict the remaining useful life of an 
aircraft gas turbine engine based on sensor data providing more accurate 
and robust estimates than any of the considered single prognostics 
methods. Other interesting applications involving the use of machine 
learning techniques such as, support vector machine frameworks for 
engine health state classification can be found in [203,204,200,205], 
while applications based on neural networks are presented in [206,207]. 

5.2.2. Airframe 
Although there might be many reasons associated with failure 

different airframe components (including fatigue, corrosion, overload, 
wear, abrasion, erosion, buckling, flutter), in terms of prognosis, the two 
most important forms are fatigue and corrosion [208,209]. The com-
bined effect of corrosion and fatigue is also very important [210–212]. 
Duquesnay et al. [213] investigated the growth behaviour of fatigue 
cracks initiated at corrosion pits of 7075-T6511 aluminium alloy cou-
pons subjected to aircraft loading spectrum. The authors founded that 
the depth of the corrosion pit was a suitable parameter for character-
izing the corrosion damage and fatigue life prediction. Additionally, 
they suggested that the size of the deepest corrosion pit in the area of 
corrosion damage on an aircraft, to be used as the metric for predicting 
fatigue life. Iyyer et al. [214] presented an extensive discussion on crack 
initiation and crack growth models to aircraft life predictions and fleet 
management. Authors describe methods used by the US Navy for fleet 
fatigue life assessment and individual aircraft fatigue tracking and 
discuss the history of life estimation methods of P-3C aircraft, with brief 
descriptions of conducted full-scale fatigue test. In addition, limitations 
of safe-life methods for aging aircraft are discussed, alongside a deter-
ministic total life approach for continued operations beyond crack 
initiation up to a safe limit using full-scale test as a basis. In Li et al. 
[215], a probabilistic model for diagnosis and prognosis based on dy-
namic Bayesian networks was proposed and evaluated on a fatigue crack 
growth on the leading edge of an aircraft wing problem. In diagnosis, the 
dynamic Bayesian network was used to track the evolution of the time- 
dependent variables and calibrate the time-independent variables; while 
in prognosis, it was used for probabilistic prediction of crack growth in 
the future. Other important modeling aspects to consider when 
addressing fatigue in civil aviation involves loads estimation 
[212,216,217] and materials (e.g. metal alloys [218,219] or composite 
materials [220–222]). 

5.2.3. Actuators and landing gear 
Berri et al. [223] proposed a framework for prognosis of aircraft 

electromechanical actuator for secondary flight controls. Their approach 
included signal acquisition, fault detection and isolation, and remaining 
useful life estimation. In order to keep computational cost manageable, 
they proposed using strategies for signal processing combined with 
physical models of different fidelity and machine learning techniques. 
Byington et al. [224] presented a study on the use of neural networks for 
prognosis of aircraft actuator components. The framework covered tasks 
such as feature extraction, data cleaning, classification, information 
fusion, and prognosis. They successfully demonstrated their approach on 
F-18 stabilator electro-hydraulic servo valves. Jacazio and Sorli [225] 
presented an enhanced particle filter framework for prognosis of electro- 
mechanical flight controls actuators. They achieved promising results 
and showed the benefits of their approach as compared to other pub-
lished methods. With regards to landing gear, published literature cover 
issues such as load estimation [226–228], hard landing [229], sub- 
components [224,225] and landing gear design optimization and 
health monitoring [230,231,227,232,233]. 

5.2.4. Avionics 
Wilkinson et al. [234] presented an approach to anticipate the onset 

of failures in electronic equipment in real-time. A model-based tech-
nique utilizing embedded life models and environmental information 
obtained from aircraft mounted sensors is proposed with promising 

Table 5 
Aircraft maintenance: the ABC check system (adapted from [198]).  

Check Average frequency 

Transit Aircraft grounded for more than 4 h. 
A 500 flight hours or 2 months. 
B 1100 flight hours or 6 months. 
C 4000 flight hours or 20 months. 
D 25000 flight hours or 6 years.  

Check Description 
Transit Visual inspection and search for obvious damage and deterioration. 

A - Performed at specialized maintenance station. 
- Special tooling required. 

B - Slightly more detailed check of components and systems. 
- It does not involve detailed disassembly. 

C - Include A and B checks. 
- It requires a thorough visual inspection of specified areas, components 
and systems as well as operational or functional checks. 
- This is an extensive check of individual systems and components for 
serviceability and function. 
- It removes aircraft from service for 3–5 days. 

D - Include A,B and C checks. 
- It is an intense inspection of the structure for evidence of corrosion, 
structural deformation, cracking, and other signs of deterioration or 
distress. 
- It includes detailed visual and other non-destructive test inspections of 
the aircraft structure, alongside extensive disassembly to gain access for 
inspection. 
- It removes the airplane from service for at least 20 days.  

7 In the USA, the National Transportation Safety Board maintains a repository 
with aviation accident reports published at https://www.ntsb.gov/investigati 
ons/AccidentReports/Pages/aviation.aspx. 
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benefits for reducing the number of unexpected failures. Kirkland et al. 
[235] proposed an optimum set of metrics through which the perfor-
mance of avionics assemblies can be monitored. Considerable insight 
into the relative performance of a wide range of avionics assemblies has 
been gained through analysis of test parameters and failure information 
from automated test equipment. The insights gained from the technique 
has led to cost avoidance by reducing no faults found occurrences on 
USAF F-16 fleet. Batzel and Swanson [236] developed prognostic tools 
to detect the onset of electrical failures in an aircraft power generator, 
and to predict the generator’s remaining useful life. Focus is given to the 
rotor circuit since failure mode, effects, and criticality analysis studies 
indicated as a high priority candidate for condition monitoring. The 
interested reader is referred to [237,238,223,239] for other applications 
and sub-components. 

6. Summary and future research directions 

In this paper, we surveyed some aspects of model development in 
prognosis and health management of industrial equipment. Firstly, we 
presented a broad discussion on maintenance approaches (reactive, 
proactive, and aggressive), implementation factors (industry segment, 
business model, purpose, development, and deployment), and support-
ing technologies (sensing, modeling, and repair). Secondly, we reviewed 
approaches for predictive modeling and analytics in prognosis and 
health management. We shortly discussed challenges associated with 
applications in industrial equipment (access to data, data quality, 
modeling, and deployment at scale) and then dived into different ap-
proaches. We also summarized the publications over the past 40 years 
and discussed implementation through popular frameworks and high-
lighting few companies active in this field. Then, we briefly presented a 
promising modeling approach for prognosis and health management 
that merges physics-informed and data-driven kernels within deep 
neural networks. We discussed the formulation first and illustrated with 
an example in main bearing fatigue modeling. Finally, we closed the 
paper with a discussion about modeling for prognosis and health man-
agement in the onshore wind energy and civil aviation industries. 

There are few important takeaways from our survey. As we carefully 
pointed out, learning methods (statistical learning, classical machine 
learning, deep learning, etc.) are inevitable present in most applications. 
However, they are all subject to the no free lunch theorems. Therefore, 
practitioners are likely to still use a host of approaches depending on the 
application. With regards to the onshore wind energy and civil aviation 
industries, we could clearly see the degree of specialization involved in 
modeling. We learned that for wind energy, the focus seems to be on 
analytics for components of the rotor, drivetrain, and generator. Ana-
lytics are highly dependent on data, which can vary from data coming 
from the SCADA system (widely avaialable across different fleets) and 
dedicated condition monitoring systems (mostly common in larger and 
newer units). On the other hand, for civil aviation, we learned that 
regulations and safety play a major role in the widespread adoption of 
prognosis and health management. While the focus is aircraft airwor-
thiness, modeling seems to follow the cost associated with maintaining 
the specific sub-system (in which case, the aircraft engine dominates). 

With regards to future directions, while it is hard to summarize few 
research topics, we believe that advances in modeling for prognosis and 
health management will come from a combination of fundamental and 
applied research. The research community could greatly contribute by 
considering the following topics:  

• Operational data: when machines are monitored over long periods of 
time, data engineering becomes an important consideration. Besides 
simple sensor degradation (which can obscure or impose difficulties 
to certain analytics), data completeness, data availability, data 
quality can all vary with, for example, different versions of moni-
toring software installed in a particular machine or sub-fleet. An 
interesting research problem is the development of approaches that 

can reconcile data and make it ready for analytic development and 
deployment. For applications focused on fleets of machines, tech-
niques based on similarity analysis can be helpful [240,241].  

• Intelligent inspection: even with recent advancements in non- 
destructive testing, one can argue that there still exists a direct cor-
relation between cost of an inspection techniques and quality of data 
generated. An interesting topic for research is the use of analytics to 
guide when and what type of inspection technique is most suitable/ 
needed not only for a given problem, but in a given point in time. For 
example, Bayesian methods and information theory could be used to 
guide data acquisition with the goal of reducing uncertainty in 
prognosis [242,243]. Efforts in this topic will help operators manage 
costs while updating models used for analytics-driven maintenance.  

• Actionable models: the research community and practitioners have 
made considerable progress in models and analytics for diagnosis 
and prognosis diagnosis (identifying the problem) and prognosis 
(forecasting a quantity of interest, such as remaining useful life). As 
operations and maintenance becomes analytics-driven, it is also 
important to develop models that lead to actionable outcomes to the 
end-user of the analytic. In other words, as opposed to only detecting 
that a bearing of a machine is starting to fail or even that the bearing 
has another 3 months worth of useful life; analytics should be able to 
support decision regarding what are the measures that can help 
promote life extension, and/ or identify the root cause for undesired 
degradation rate, for example.  

• Scalable models: when the objective is to monitor large fleets of assets 
(e.g., multiple wind parks, aircraft fleet of one or multiple airline 
companies, etc.), one can expect customized modeling and deploy-
ment needs. For example, Moens et al. [244] discuss the imple-
mentation of a middleware cloud platform suitable for the industrial 
internet of things that considers reliable data ingestion and persis-
tence, and a dynamic dashboard application for fleet monitoring and 
visualization. Another enabling technology for large scale deploy-
ment the is containerization of models [245]. Advancements in 
computer power, information technology, and communications 
infra-structure will play a role in prognosis. It would be interesting to 
explore for example, what near-real time large-bandwidth technol-
ogies such as 5G could bring [246] to prognosis and health 
management.  

• Business models: as pointed by Farrar and Lieven [247], prognosis and 
health management thrive in a business model where the equipment 
is leased to the end user. Maintenance can be optimized so that the 
equipment is kept in service for as long as possible using predictive 
models. The question is what will happen when predictive analytics 
become a commodity (fueled by industrial internet of things). Would 
outcome as a service [149,150] become the new norm? How will 
new business models push prognosis and health management? 
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