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5 steps to create value from asset condi�on signals
through Predic�ve Maintenance Policies

  1 Source: Deloi�e - The rise of the digital supply network, Deloi�e University Press, December 1, 2016
  2 AI Defini�on: It is the science and engineering of making intelligent machines, especially intelligent computer programs.
    It is related to the similar task of using computers to understand human   intelligence,
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Maintenance issues increase down�me, 
disrup�ng produc�on and supply chains. Even 
though tradi�onal maintenance approaches 
could mi�gate this effect, it would end in 
ineffec�ve efforts, loss of produc�vity, high 
devia�on from the maintenance forecast 
budget and increase in the cost of 
maintenance. Today, reliability plays a key role 
in a company’s compe��ve performance.

There is s�ll room for improvement as 
computa�onal processing speed increases, 
prices drop down1, techniques and data science 
professionals are blooming. In the spirit of 
making data driven decisions leading to the 
improvement asset reliability, some companies 
have been following the latest trends of the 
market in a quest to capture asset health 
signals, but that might give them a lesser 
impact than expected if not correctly handled 
and valued by the key stakeholders. Stacking 
large amounts of data without taking 
advantage of it has become a constant 
throughout different asset intensive industries.

If a company does not take advantage of their 
collected data, the investment made becomes 
a burden for the whole organiza�on. Ar�ficial 
Intelligence2 (AI) driven Predic�ve 
Maintenance has proven to be an effec�ve 
way to generate value using large volumes of 
data, by increasing asset lifespan and return of 
investment not only on the asset itself, but 
also in infrastructure, sensors, processing 
machine, cloud environment and so�ware 
needed to capture meaningful insight hidden 
in the data that is probably already 
accumula�ng.

This paper will be covering some of the new 
trends in the maintenance area, giving advice 
on the best approach to build a robust system 
around maintenance and providing well 
defined steps to create a Predic�ve Policy, 
balancing the various tradeoffs you’ll 
encounter along the path to predic�ve 
maintenance and be one step closer to 
Industry 4.0. 

Why now?
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Predic�ve Policy uses Predic�ve Maintenance3 
(PdM) data from various sources, such as 
cri�cal equipment sensors, enterprise resource 
planning (ERP) systems, computerized 
maintenance management systems (CMMS), 
and produc�on data. A Predic�ve Policy can 
connect dots between data, advanced 
predic�on models and analy�cal tools to 
predict failures and address them proac�vely.

When Predic�ve Policy are put in place, teams 
within the organiza�on can work effec�vely, 
focusing their effort on cri�cal task, with a 
streamlined process with automated work 
orders genera�on, increased in safety and 
compliance avoiding dangerous opera�on or 
maintenance from catastrophic failures, 
improving field task efficiency, increased 
equipment lifespan and augmented visibility of 
the asset health condi�on. This will minimize 
the �me equipment is maintained, produc�on 
hours lost due to maintenance, cost and lead 
�me of spares parts and material needed to 
perform maintenance with a proper planning 
�me window for all stakeholders. 

Predic�ve Policy can bring to the table 
improvement to the organiza�on by impac�ng 
some of the key performance indicator (KPI) 
such as reduc�on of Unscheduled Down�me of 
cri�cal equipment, improvement of 
Maintenance Backlog or Schedule Compliance 
removing costly unexpected events, reduc�on 
of Work Order Cycle from delays in spare parts 
ordering or already staffed resource and 
Overall Equipment Effec�veness that measure 
how o�en equipment is available.

These benefits are very a�rac�ve and can be 
achieved once organiza�on and prac��oners 
are onboarded, convinced and aligned that the 
value from a Predic�ve Policy can enhanced 
maintenance department performance 
improving their own KPI and company numbers 
from the use of op�mized suppor�ng process 
and technology to obtain results by unlocking 
data the hidden poten�al of data driven 
decisions.

Benefits from Asset Data

Improved field task 
efficiency

Predictive 
Maintenance 

Increased Safety 
and Compliance

Automated 
Work Orders

Intelligent Asset 
Health Monitoring

Streamlined
workflow

Increased
Equipment

Lifespan

Optimized Spare
Part Planning

3PdM Defini�on: Form of maintenance that tra cks and monitors the condi�on
and performance of equipment during normal opera�on
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We can ask ourselves the following ques�ons 
to begin the journey towards the development 
of a Predic�ve Maintenance Policy: 

Do I have the right signals from the asset that I 
want to select as one of my candidates? 

Do I have data with enough quality and 
accuracy, is it easy to analyze?

Do I have informa�on regarding to historical 
failure incidents?

Is the candidate good for being scalable?

Is my candidate considered as a bad actor, or 
have maintenance exhaust all available op�ons 
to improve its results?

Is there a failure mode cause and effect analysis 
available?

Is there a known P-F interval for the asset’s 
iden�fied failure modes?

Is the asset proposed cri�cal to the opera�on? 
or is it considered important for future 
development or project?

1)

2)

3)

4)

5)

6)

7)

8)

These ques�ons might narrow our scope of 
research for candidates at the beginning of 
this journey. Once the precandidates have 
been selected, a deep dive is required in order 
to iden�fy the case that will bring greater 
benefit to your organiza�on, not only looking 
at them through the maintenance prism, but 
you must also iden�fy how they will impact 
the most on achieving the organiza�on’s goals. 

With this in considera�on. Finally, we can ask 
ourselves. How many assets are we going to 
target to bring to the Predic�ve Policy? We 
suggest taking between three to five business 
cases and develop them as far as you can with 
the steps that you are going to review. 

Key Ques�on to select suitable Assets
Step 1
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Before start selec�ng the raw data, no 
ma�er the maturity level in maintenance 
departments, a quick development for the 
asset selected could be done at the 
founda�onal data step for the candidates. 
With these steps covers it would be easier 
to track informa�on, a�ach maintenance 
process to physical equipment, visualize 
risks associated and above all understanding 
the failures modes. This is a sugges�on that 
it is worth doing for the scope selected and 
this model has been proven to be able to 
unlock value quickly. 

Con�nuing with step 2, cleansing and 
tagging data is important in order to create 
adequate features in the next step. The 
result of this work should be a healthy signal 
dataset and tagged failure history, 
associa�ng each failure event to a failure 
mode.

This process consists in the identification of 
failure modes across the failure event history 
log, allowing the model to mark a failure 
mode in time enabling the association of 
collected signal data to a failure mode.

Failure history data will usually need a cleansing 
process separa�ng the meaningful informa�on from 
that which will not bring valuable insight, a sound 
failure event categoriza�on will nourish your future 
policy, to that end, failure event categoriza�on must 
be backed by a robust failure mode and effect 
analysis which will also give significant insights 
regarding opera�onal variable relevance. If this 
informa�on is not currently available, we can always 
try to extract it from the work order history.  

A point to keep in mind is that tagging represents a 
very �me-consuming step of development of the 
Predic�ve Policy and your organiza�on could spend 
several hours in preparing exis�ng data for the 
purpose.

Select and Refine Raw Data 
Failure Event History Tagging

Step 2
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Founda�onal Data

Machine Learning

Weibull Analysis

Predic�ve Modelling

FMEA

Asset Module

Failure Codes

Asset Hierarchy

Cri�cality

Work Request

Asset Registry
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Work Management

Maintenance Repor�ng
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Field Mobility

Preven�ve Maintenance Tasks
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Preven�ve Maintenance
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DATA MATRIX

Failure Mode Pressure -
Discharge

Solid % -
Upstream

Flowrate -
Discharge

Density -
Discharge

Sha� Speed -
Motor sha�

Current draw -
Motor

Power draw -
Motor

Vibra�on –
Pump Bearing

(Offline)

Online / Offline ON ON ON ON ON ON ON OFF

Variable Type Predic�ve Opera�onal Predic�ve Opera�onal Predic�ve Predic�ve Predic�ve Predic�ve

Motor - Bearings worn
(DE or NDE) X X

Pump - Bearing worn X X

Pump - Lubricant
degraded X X

Pump - Breather
deteriorated X X

Pump - Mechanical seal
worn X X

Pump - Packing worn X X

Pump - Impeller worn X X X X X

Pump - Volute worn X X X X X
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Select and Refine Raw Data 
Step 2

Once a failure event categoriza�on has been 
obtained, it is �me to analyze opera�onal 
variables such as pressure, flow, temperature, 
vibra�on capture by the sensor and iden�fy 
poten�al rela�onships between failure modes 
and available measured variable history. 

To do so, we have implemented a Data Matrix 
tool in order to easily analyze variable-FM 
rela�ons and the expected behavior the 
variable will have before the failure event. 
Again, this process must be backed by a robust 
failure mode and effect analysis, going 
through the stablished chain of events that 
leads to a specific failure will provide rich 
insights to stablish possible correla�ons 
between variable behavior and failure modes.

Also, the �me interval between each measured 
point is a relevant characteris�c of your dataset. It 
will be a trade-off between how accurately your 
model will emulate variable behavior and 
compu�ng �me, from past experience we 
recommend intervals from 10 to 30 minutes 
between readings for most variables (an excep�on 
to this is vibra�on analysis, since a more frequent 
signal is needed to analyze frequencies).

As a final note on labeling data, although in most 
cases more data is be�er than less, the process of 
label data will cost money and/or �me, set a goal 
of where you want to get and put on scale the 
model quality versus how much resources you are 
willing to spend, and keep in mind at some point 
more data will not add to much value.

Raw variable selec�on and Data Matrix

| Extracto de Data Matrix no con�ene todas las variables ni todos los FM.
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Features
Step 3

Feature development is key in the process and this 
point will be cri�cal to the effec�veness of the 
Predic�ve Policy, they are a big part of what 
composes the training set that will be fed to your 
learning algorithm and represent the way the model 
will perceive your asset behavior. People involved in 
feature developing need to have the correct set of 
skills from the Data Science and Technical 
background to be able to generate a pool of 
features that can fit the purpose.

The first step is to define the features to be fed to 
your future learning algorithm. Depending on the 
modelling approach (Classical, Machine Learning or 
Deep Learning)

Features can be as simple as the raw signal 
obtained from your sensor, a complex 
combination of different signals using 
theorical relationships between variables

(i.e. Reynolds number, Efficiency, etc), descrip�ve 
sta�s�c metrics (i.e. variance, mean, median, mode) 
or complex linear algebra transforma�ons (i.e. 
short-term Fourier transform, Wavelet transform). 

Be aware that features may have correla�ons 
among themselves, which may result in unnecessary 
training �me for the model, in order to avoid it, you 
can apply dimensionality reduc�on techniques, for 
feature selec�on, to your data set, which allow you 
to reduce variable number without losing the 
insight they provide.

As an extra considera�on, features must be 
compa�ble with the enterprise resource planning 
(ERP)  or computerized maintenance management 
system (CMMS) used, hopefully, across the en�re 
organiza�on. When feature development is 
completed, they are tested to corroborate their 
predic�ve power, those that have the higher 
predic�ve power will be considered or selected for 
the development of the Predic�ve Policy.

| Extracto de Data Matrix no con�ene todas las variables ni todos los FM.
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Algorithm Selec�on
Step 4

Next step is to select which will be the analy�c approach that 
is going to be used. Generally, this is determined with a 
process considering the best algorithm that describe the 
failure.

Those algorithms could start with Linear regression, Linear 
SVM, KNN, Decision trees, Neural Networks or other 
available algorithms. From there, we will looking for the one 
that has the best predic�ve response from the test sample 
and can predict with more accuracy the event that we want 
to represent, while we are looking at how we can interpret 
the input and output from the algorithm. You have to keep 
in mind that this is an itera�ve process and a factor to be 
considered in this stage of the process is that higher 
accuracy typically means more training �me (more complex 
or robust model, which will demand more resources, in this 
case: computa�onal power or �me).

A�er selec�ng the right learning algorithm for the goal and 
available resources. we are in good shape to create our 
Asset Health Indicator by feeding our well-prepared data to 
the selected learning algorithm and tested it with some 
tes�ng set to corroborate that the algorithm selected is 
working as design with some condi�ons. 

Retrieve June 1, 2021 | from: h�ps://blogs.sas.com/content/subconsciousmusings/2020/12/09/machine-learning-algorithm-use/vt
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Supervised Learning Method
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Predic�ve Maintenance Policy
Step 5

We have arrived at the end of our journey, now some 
considera�on to implement a successful predic�ve 
policy must include:

Health indicators will need to be uploaded to the 
organiza�on’s ERP or CMMS, this is a crucial step since it 
eases later scalability of the ini�a�ve extending the 
Predic�ve Policy to compa�ble assets and help leverage 
the power of sophis�cate tools that might be dormant at 
the moment and could be a game changer in the way that 
the organiza�on approach maintenance.

Once the Predic�ve Policy is online and opera�ve, next 
step is implement it in the Asset Management System of 
the organiza�on and complete the integra�on between 
the insight given and the Work Order to trigger the ac�on 
from the maintenance team allowing enough �me to be 
prepare to complete the task, increase the lifespan of the 
asset, reduce the down�me and finally increase the return 
of investment of the asset.

A well-defined policy regarding reac�ng thresholds 
alerts, we encourage inclusion of the asset health 
indicator value in the process control dashboard.

An automated work order genera�on system that 
is easily replicable across the organiza�on, with a 
comprehensive use of available communica�on 
means.

Well defined and socialized RACI roles, so every 
member involved from the company knows what 
to do and when to do it.
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Key
Ques�ons

Narrow the
scope with a 
preliminary
research

Iden�fy
healthy data
and complete
cleansing
process

Define relevant
features and
tag failures
event

Keep in mind
the complexity
of the models
and available
resources to
select your 
algorithm

Health indicators
will need to be 
uploaded to 
the Asset 
Management
System

Select and
Refine Raw
Data

Features

Algorithm
Selec�on

Predic�ve Policy
Implementa�on
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Key to Maintenance Success Start small, scale-up: New Skill sets: 

Align your organiza�on 

Iden�fy Gaps

Takeaways

The opportunity of a holis�c Predic�ve Maintenance is 
enormous, though the level of change it demands can daun�ng 
for many organiza�ons. As companies embark on their journey 
to adopt this new approach to manage maintenance, it is 
important for business leaders to consider the following 
principles: 

As previously men�oned, once the policy is on the 
organiza�on’s ERP or CMMS, it can be applied to similar 
assets across mul�ple plants with rela�ve ease. It is 
recommended to adapt the model for different opera�ve 
contexts over �me, but this will not represent a major 
challenge once this point is reached.

Powered by data from your connected opera�ons, 
organiza�ons can create new processes to op�mize 
opera�ons, maintenance and leverage technologies such 
as AI to sense data, an�cipate and respond to shi�s in 
produc�on. A�er pilo�ng and tes�ng these capabili�es in 
discrete asset, systems or loca�ons. Organiza�on can start 
small, learn and adapt to thrive with the solu�on more 
broadly. Scaling beyond is the next mandatory step that 
can allow to retrieve greater value. 

Iden�fy the gaps of the precandidates. Is there a bias in 
the organiza�on? You could use this exercise to iden�fy 
new projects that can level the maturity of the asset and 
therefore transform them in good candidate for next 
�me a predic�ve policy needs to be in place. Con�nuous 
improvement is part of a healthy and successful 
organiza�on culture.

As technology changes the way roles are executed, 
the need for new capabili�es will likely con�nue to 
grow throughout asset intensive industries. A recent 
study by Deloi�e and the Manufacturing Ins�tute 
found that six out of 10 open produc�on posi�ons 
are unfilled du to talent shortages; the top two skills 
in demand are technology/computer skills and 
problem-solving skills.

The use of this new approach will require efforts to 
generate team awareness and tac�cal coordina�on. 
Mindset shi�s need to be in place, the organiza�on 
could fail to implement this strategy if func�onal 
groups are not confident on the new process. Ge�ng 
your workers to understand the broader vision of the 
use of PdM could be cri�cal path to the success of this 
type of projects. This is common in cultures were 
opera�ons and maintenance are separate groups with 
different vision and goals. Accep�ng a more holis�c, 
broader and interconnected approach based on the 
transparency provided by data and the Asset Health 
Indicators is key in the success of this types of projects. 
Leadership will play an important role in ensuring 
success. 
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