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Design and test condition monitoring and predictive maintenance algorithms

Predictive Maintenance Toolbox lets you manage sensor data, design condition indicators, and
estimate the remaining useful life (RUL) of a machine.

The toolbox provides functions and an interactive app for exploring, extracting, and ranking features
using data-based and model-based techniques, including statistical, spectral, and time-series analysis.
You can monitor the health of rotating machines by extracting features from vibration data using
frequency and time-frequency methods. To estimate a machine's time to failure, you can use survival,
similarity, and trend-based models to predict the RUL.

You can organize and analyze sensor data imported from local files, cloud storage, and distributed file
systems. You can label simulated failure data generated from Simulink® models. The toolbox includes
reference examples for motors, gearboxes, batteries, and other machines that can be reused for
developing custom predictive maintenance and condition monitoring algorithms.

To operationalize your algorithms, you can generate C/C++ code for deployment to the edge or
create a production application for deployment to the cloud.
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Designing Algorithms for Condition Monitoring and Predictive
Maintenance

Predictive maintenance allows equipment users and manufacturers to assess the working condition of
machinery, diagnose faults, or estimate when the next equipment failure is likely to occur. When you
can diagnose or predict failures, you can plan maintenance in advance, better manage inventory,
reduce downtime, and increase operational efficiency.

Developing a predictive maintenance program requires a well-designed strategy to assess the
working condition of the machinery and detect incipient faults in a timely manner. Doing so requires
effective use of both available sensor measurements and your knowledge of the system. You must
take many factors into consideration, including:

* The observed sources of faults and their relative frequency. Such sources can be the core
components of the machine (such as impeller blades and flow valves in a pump), its actuators
(such as an electric motor), or its various sensors (such as accelerometers and flow meters).

* Availability of process measurements through sensors. The number, type and location of sensors,
and their reliability and redundancies all affect both algorithm development and cost.

* How various sources of faults translate to observed symptoms. Such cause-effect analysis can
require extensive processing of data from the available sensors.

* Physical knowledge about the system dynamics. This knowledge might come from mathematical
modeling of the system and its faults and from the insights of domain experts. Understanding
system dynamics involves detailed knowledge of relationships among various signals from the
machinery (such as input-output relationships among the actuators and sensors), the machine
operating range, and the nature of the measurements (for example, periodic, constant or
stochastic).

* The ultimate maintenance goal, such as fault recovery or development of a maintenance schedule.

Algorithms for Condition Monitoring and Prognostics

A predictive maintenance program uses condition monitoring and prognostics algorithms to analyze
data measured from the system in operation.

Condition monitoring uses data from a machine to assess its current condition and to detect and
diagnose faults in the machine. Machine data is data such as temperature, pressure, voltage, noise,
or vibration measurements, collected using dedicated sensors. A condition monitoring algorithm
derives metrics from the data called condition indicators. A condition indicator is any feature of
system data whose behavior changes in a predictable way as the system degrades. A condition
indicator can be any quantity derived from the data that clusters similar system status together, and
sets different status apart. Thus a condition-monitoring algorithm can perform fault detection or
diagnosis by comparing new data against the established markers of faulty conditions.

Prognostics is forecasting when a failure will happen based on the current and past state of the
machine. A prognostics algorithm typically estimates the machine's remaining useful life (RUL) or
time-to-failure by analyzing the current state of the machine. Prognostics can use modeling, machine
learning, or a combination of both to predict future values of condition indicators. These future values
are then used to compute RUL metrics, which determine if and when maintenance should be
performed. For the gearbox example, a prognostics algorithm might fit the varying peak vibration
frequency and magnitude to a time series to predict their future values. The algorithm can then
compare the predicted values to a threshold defining healthy operation of the gearbox, predicting if
and when a fault will occur.
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A predictive maintenance system implements prognostics and condition monitoring algorithms with
other IT infrastructure that makes the end results of the algorithm accessible and actionable to end
users who perform the actual maintenance tasks. Predictive Maintenance Toolbox provides tools to
help you design such algorithms.

Workflows for Algorithm Development

The following illustration shows a workflow for developing a predictive maintenance algorithm.

| . -
Generated Develop Detection or Prediction Model

Indicators

Sensor Data

Sensor data from machine on which algorithm is deployed

Beginning with data that describes your system in a range of healthy and faulty conditions, you
develop a detection model (for condition monitoring) or a prediction model (for prognostics).
Developing such a model requires identifying appropriate condition indicators and training a model
to interpret them. That process is very likely to be iterative, as you try different condition indicators
and different models until you find the best model for your application. Finally, you deploy the
algorithm and integrate it into your systems for machine monitoring and maintenance.

Acquire Data

Designing predictive maintenance algorithms begins with a body of data. Often you must manage and
process large sets of data, including data from multiple sensors and multiple machines running at
different times and under different operating conditions. You might have access to one or more of the
following types of data:

* Real data from normal system operation
* Real data from system operating in a faulty condition
* Real data from system failures (run-to-failure data)

For instance, you might have sensor data from system operation such as temperature, pressure, and
vibration. Such data is typically stored as signal or time series data. You might also have text data,
such as data from maintenance records, or data in other forms. This data is stored in files, databases,
or distributed file systems such as Hadoop®.

In many cases, failure data from machines is not available, or only a limited number of failure
datasets exist because of regular maintenance being performed and the relative rarity of such
incidents. In this case, failure data can be generated from a Simulink model representing the system
operation under different fault conditions.
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Predictive Maintenance Toolbox provides functionality for organizing, labeling, and accessing such
data stored on disk. It also provides tools to facilitate the generation of data from Simulink models for
predictive maintenance algorithm development. For more information, see “Data Ensembles for
Condition Monitoring and Predictive Maintenance”.

Preprocess Data

Data preprocessing is often necessary to convert the data into a form from which condition indicators
are easily extracted. Data preprocessing includes simple techniques such as outlier and missing value
removal, and advanced signal processing techniques such as short-time Fourier transforms and
transformations to the order domain.

Understanding your machine and the kind of data you have can help determine what preprocessing
methods to use. For example, if you are filtering noisy vibration data, knowing what frequency range
is most likely to display useful features can help you choose preprocessing techniques. Similarly, it
might be useful to transform gearbox vibration data to the order domain, which is used for rotating
machines when the rotational speed changes over time. However, that same preprocessing would not
be useful for vibration data from a car chassis, which is a rigid body.

For more information on preprocessing data for predictive maintenance algorithms, see “Data
Preprocessing for Condition Monitoring and Predictive Maintenance”.

Identify Condition Indicators

A key step in predictive maintenance algorithm development is identifying condition indicators,
features in your system data whose behavior changes in a predictable way as the system degrades. A
condition indicator can be any feature that is useful for distinguishing normal from faulty operation or
for predicting remaining useful life. A useful condition indicator clusters similar system status
together, and sets different status apart. Examples of condition indicators include quantities derived
from:

» Simple analysis, such as the mean value of the data over time

* More complex signal analysis, such as the frequency of the peak magnitude in a signal spectrum,
or a statistical moment describing changes in the spectrum over time

* Model-based analysis of the data, such as the maximum eigenvalue of a state space model which
has been estimated using the data

* Combination of multiple features into a single effective condition indicator (fusion)

For example, you can monitor the condition of a gearbox using vibration data. Damage to the gearbox
results in changes to the frequency and magnitude of the vibrations. The peak frequency and peak
magnitude are thus useful condition indicators, providing information about the kind of vibrations
present in the gearbox. To monitor the health of the gearbox, you can continuously analyze the
vibration data in the frequency domain to extract these condition indicators.

Even when you have real or simulated data representing a range of fault conditions, you might not
know how to analyze that data to identify useful condition indicators. The right condition indicators
for your application depend on what type of system, system data, and system knowledge you have.
Therefore, identifying condition indicators can require some trial and error, and is often iterative with
the training step of the algorithm development workflow. Among the techniques commonly used for
extracting condition indicators are:
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* Order analysis

* Modal analysis

* Spectrum analysis

* Envelope spectrum

» Fatigue analysis

* Nonlinear time-series analysis

* Model-based analysis such as residual computation, state estimation, and parameter estimation

Predictive Maintenance Toolbox supplements functionality in other toolboxes such as Signal
Processing Toolbox™ with functions for extracting signal-based or model-based condition indicators
from measured or generated data. For more information, see “Identify Condition Indicators”.

Train Detection or Prediction Model

At the heart of the predictive maintenance algorithm is the detection or prediction model. This model
analyzes extracted condition indicators to determine the current condition of the system (fault
detection and diagnosis) or predict its future condition (remaining useful life prediction).

Fault Detection and Diagnosis

Fault detection and diagnosis relies on using one or more condition indicator values to distinguish
between healthy and faulty operation, and between different types of faults. A simple fault-detection
model is a threshold value for the condition indicator that is indicative of a fault condition when
exceeded. Another model might compare the condition indicator to a statistical distribution of
indicator values to determine the likelihood of a particular fault state. A more complex fault-diagnosis
approach is to train a classifier that compares the current value of one or more condition indicators
to values associated with fault states, and returns the likelihood that one or another fault state is
present.

When designing your predictive maintenance algorithm, you might test different fault detection and
diagnosis models using different condition indicators. Thus, this step in the design process is likely
iterative with the step of extraction condition indicators, as you try different indicators, different
combinations of indicators, and different decision models. Statistics and Machine Learning Toolbox™
and other toolboxes include functionality that you can use to train decision models such as classifiers
and regression models. For more information, see “Decision Models for Fault Detection and
Diagnosis”.

Remaining Useful Life Prediction
Examples of prediction models include:

* A model that fits the time evolution of a condition indicator and predicts how long it will be before
the condition indicator crosses some threshold value indicative of a fault condition.

* A model that compares the time evolution of a condition indicator to measured or simulated time
series from systems that ran to failure. Such a model can compute the most likely time-to-failure
of the current system.

You can predict remaining useful life by forecasting with dynamic system models or state estimators.
Additionally, Predictive Maintenance Toolbox includes specialized functionality for RUL prediction
based on such techniques as similarity, threshold, and survival analysis. For more information, see
“Models for Predicting Remaining Useful Life”.
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Deploy and Integrate

When you have identified a working algorithm for handling your new system data, processing it
appropriately, and generating a prediction, deploy the algorithm and integrate it into your system.
Based the specifics of your system, you can deploy your algorithm on the cloud or on embedded
devices.

A cloud implementation can be useful when you are gathering and storing large amounts of data on
the cloud. Removing the need to transfer data between the cloud and local machines that are running
the prognostics and health monitoring algorithm makes the maintenance process more effective.
Results calculated on the cloud can be made available through tweets, email notifications, web apps,
and dashboards.

Alternatively, the algorithm can run on embedded devices that are closer to the actual equipment.
The main benefits of doing this are that the amount of information sent is reduced as data is
transmitted only when needed, and updates and notifications about equipment health are
immediately available without any delay. .

A third option is to use a combination of the two. The preprocessing and feature extraction parts of
the algorithm can be run on embedded devices, while the predictive model can run on the cloud and
generate notifications as needed. In systems such as oil drills and aircraft engines that are run
continuously and generate huge amounts of data, storing all the data on board or transmitting it is
not always viable because of cellular bandwidth and cost limitations. Using an algorithm that
operates on streaming data or on batches of data lets you store and send data only when needed.

MathWorks® code generation and deployment products can help you with this step of the workflow.
For more information, see “Deploy Predictive Maintenance Algorithms”.

References

[1] Isermann, R. Fault-Diagnosis Systems: An Introduction from Fault Detection to Fault Tolerance.
Berlin: Springer Verlag, 2006.

See Also

Related Examples

. “Using Simulink to Generate Fault Data”

. “Rolling Element Bearing Fault Diagnosis”

. “Similarity-Based Remaining Useful Life Estimation”

. “Explore Ensemble Data and Compare Features Using Diagnostic Feature Designer”
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Identify Condition Indicators for Predictive Maintenance
Algorithm Design

2-2

Predictive maintenance allows equipment users and manufacturers to assess the working condition of
machinery, diagnose faults, or estimate when the next equipment failure is likely to occur. When you
can diagnose or predict failures, you can plan maintenance in advance, better manage inventory,
reduce downtime, and increase operational efficiency.

The full workflow for a predictive maintenance program includes multiple steps that begin with data
acquisition and end with deployment and integration of a condition monitoring algorithm. For more
information, see “Designing Algorithms for Condition Monitoring and Predictive Maintenance” on
page 1-3.

A key step in predictive maintenance algorithm development is identifying condition indicators, which
are features in your system data whose behavior changes in a predictable way as the system
degrades. A condition indicator can be any feature that is useful for distinguishing normal from faulty
operation or for predicting remaining useful life. A useful condition indicator clusters similar system
status together and sets different status apart. Examples of condition indicators include quantities
derived from:

* Simple analysis, such as the mean value of the data over time.
* More complex signal analysis, such as the frequency of the peak magnitude in a signal spectrum,
or the time-synchronous average of a signal from a rotating source.

In the Diagnostic Feature Designer app, you can develop features and evaluate potential condition
indicators using a multifunction graphical interface.
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The app operates on data ensembles. An ensemble is a collection of data sets, created by measuring
or simulating a system under varying conditions. An individual data set representing one system
under one set of conditions is a member. Diagnostic Feature Designer processes all ensemble
members when executing one operation.

Within Diagnostic Feature Designer, you can interactively:

» Explore your data ensemble visually by plotting and interacting with your ensemble members
together.

* Convert your data into different forms for further exploration. For example, you can create a
power spectrum of your signal to evaluate its frequency-domain behavior. Or you can perform
time-synchronous averaging, which filters out any noise or disturbance that is not associated with
your machine rotation.

* Generate features of various types, and plot histograms that visualize the effectiveness of each
feature in separating data from systems with different conditions.

* Rank the generated features by using ranking algorithms that use specific criteria to establish
which features are most effective.
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» Export the data set or the feature set in the app to your MATLAB® workspace, or export the
feature set to Classification Learner for model development and additional feature assessment.

* Generate MATLAB code for your features so that you can perform the feature calculations on
other or larger data sets.

The following three-part tutorial takes you through the Diagnostic Feature Designer workflow for a
transmission system model, from your initial data import to the export of your chosen features.

1 “Import and Visualize Ensemble Data in Diagnostic Feature Designer” on page 2-5
2 “Process Data and Explore Features in Diagnostic Feature Designer” on page 2-16
3 “Rank and Export Features in Diagnostic Feature Designer” on page 2-31

2-4
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Import and Visualize Ensemble Data in Diagnostic Feature
Designer

Diagnostic Feature Designer is an app that allows you to develop features and evaluate potential
condition indicators using a multifunction graphical interface.

The app operates on data ensembles. An ensemble is a collection of data sets, created by measuring
or simulating a system under varying conditions. An individual data set representing one system
under one set of conditions is a member. Diagnostic Feature Designer processes all ensemble
members when executing one operation.

This tutorial shows how to import data into Diagnostic Feature Designer and visualize your
imported data.

Load Transmission Model Data

This example uses data generated from a transmission system model in “Using Simulink to Generate
Fault Data”. Outputs of the model include:

* Vibration measurements from a sensor monitoring casing vibrations
» Data from the tachometer, which issues a pulse every time the shaft completes a rotation
» Fault codes indicating the presence of a modeled fault

Load the data. The data is a table containing variables logged during multiple simulations of the
model under varying conditions. Sixteen members have been extracted from the transmission model
logs to form an ensemble. Four of these members represent healthy data, and the remaining 12
members exhibit varying levels of sensor drift.

load dfd Tutorial dataTable
View this table in your MATLAB command window.
dataTable =

16x3 table

Vibration Tacho faultCode

{6000x1 timetable} {6000x1 timetable}
{6000x1 timetable} {6000x1 timetable}
{6000x1 timetable} {6000x1 timetable}
{6000x1 timetable} {6000x1 timetable}
{6000x1 timetable} {6000x1 timetable}
{6000x1 timetable} {6000x1 timetable}
{6000x1 timetable} {6000x1 timetable}
{6000x1 timetable} {6000x1 timetable}
{6000x1 timetable} {6000x1 timetable}
{6000x1 timetable} {6000x1 timetable}
{6000x1 timetable} {6000x1 timetable}
{6000x1 timetable} {6000x1 timetable}
{6000x1 timetable} {6000x1 timetable}
{6000x1 timetable} {6000x1 timetable}

PFRPHOOORKHREREREEREEHEKHEOO
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{6000x1 timetable} {6000x1 timetable} 1
{6000x1 timetable} {6000x1 timetable} 1

The table contains 16 rows, each representing one member. Each column has a variable name. The
data variables Vibration and Tacho are each represented by a timetable, and all timetables have
the same length. The third variable, faultCode, is the condition variable. faultCode has a value of
0 for healthy and 1 for degraded.

Open Diagnostic Feature Designer

To open Diagnostic Feature Designer, enter the following command in your command window.

diagnosticFeatureDesigner

Import Data

Import the data set that you previously loaded into your MATLAB workspace. To initiate the import
process, in the Feature Designer tab, click New Session.

4\ Diagnostic Feature Designer

[reeosae R

Filtering & Averaging =

hu_l _’ Bl L= Frame Policy
Mew | Open  Ssve Plet Signal  ensemble - bower Circler pas et Residue Gen e:at-mn il SRR o Dot
SESiOng- esnon e | Cphion: b SUCINMTESE S SHUBI NS S AT Spectral Estimation = Features ¥ Features =
I L Ll COMPUTATION DATA PROCESSING FEATURE GENERATION B
Data Browser ~

w Signals & Spectra

Open a saoved session or import new
session data to begin.

The New Session dialog box opens. From the Source list in the Select more variables pane, select

dataTable.
Select more variables Source variahles
Source EChnuse variahle « | |3 Select All| | Unselect Al
Select Al Choose variahle
dataTable
Similar vanables
.-o-"‘f-- .f‘"fﬂ-ﬂ--

The Source variables pane of the dialog box now displays the variables within dataTable. By
default, the app initially selects all source variables for import.
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Saloc] morg vanables
Source | dataTable
Sabect All Unselect All

Samalar vaniables

| | dalaTabis

Simenary
Ensemble name Encambiai
Yarablo Mamao
Vibeation
Tacho

tauliCada

Help

Source varlables
Selecl All| | Ungedect All

= W e Wibration
| == Tima
1 [ Data
= Sampha (Virbual
= B| O Tacho
+ == Time
7 [ Data
= Samepla (Virtual
| B TauitCoce

Variable Type
Signa
Signa

Faahuse

Sowrce variable propetes

Select a variable from e SoUMe varabies

Independent Variable
Timsa

Timsa

Impon Cancs

The app extracts the variable names from your member tables and embedded timetables. The icon
next to the Vibration and Tacho variable names indicates that the app interprets the variables as
time-based signals that each contain Time and Data variables. You can verify this interpretation in
the Summary pane at the bottom, which displays the variable name, type, and independent variable
for each source-level variable.

A third variable, Sample (Virtual), also appears in the list, but is not selected and does not
appear in Summary. The import dialog always includes this variable as an option to allow you to
generate virtual independent variables within the app. Because Vibration and Tacho both contain
this unselected variable, the selection boxes contain fill rather than a check mark.

View the properties of Vibration by selecting the Vibration row.
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Source variables Source variable properties
Select All| | Unselect Al Variable name:  Vibration

-~ m @ Vibration Variable type Signal =

v| 4 Time Time Data Sample
| [l Data 0 sec -0.6692 0
H sample (Virtual) 0.005 sec 06162 1.0000
~ (W] [iq Tacho 0.01 sec -0.5667 2.0000
7| Time 0.015 sec -0.5138 3.0000
| P Data 0.02 sec -0.4610 4.0000
H sample (Virtual) 0025 sec -0.4083 5.0000
| b, faultCode 0.03 sec 03558 6.0000
0.035 sec -0.3037 7.0000
0.04 sec -0.2520 8.0000
0.045 sec -0.2007 9.0000

The Source variable properties pane displays the Vibration variable name and the Signal
variable type. For Vibration, Signal is the only Variable type option because the vibration data is
packaged in a timetable. Source variable properties also displays a preview of Vibration data.

Now examine the variable type of faultCode. The icon next to faultCode, which illustrates a
histogram, represents a feature. Features and condition variables can both be represented by scalars,
and the app cannot distinguish between the two unless the condition variable is a categorical. To
change the variable type, click on the faultCode to open the its properties, and, in Variable type,
change Feature to Condition Variable.
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Source variable properties

Source variables
| Select All| | Unselect All | Variable name: faultCode
- [m] i Vibration Variable type [Feature v | .
H Time Unit Feature
(4 Data Condition Variable j
[ ] sample (virtual) Independent Variahle /
~ (W] % Tacho /
H Time f
[ Data
[ ] sample (virtual) '
B, faultCode

The icon for faultCode now illustrates a paper tag, which represents a condition variable.

[E iy Y

[ Data
[ ] sample (Virtual)

[*] faultCode

Confirm the Ensemble Specification in Summary and click Import.

Summary
Ensemble name | Ensemblet
Variable Name Variable Type Independent Variable
Vibration Signal Time
Tacho Signal Time
faultCode Condition Variable
| Help | Import | | Cancel

Your imported signals are now in the Signals & Spectra area, and your imported ensemble

Ensemblel is in the Datasets area.
The color bar next to a signal represents that signal in plots. The icon to the left of the signal

indicates the variable type, which, for the variables you imported, is Signal.
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Data Browser )
w Signals & Spectra

@ Vibration/Data E——
@ Tacho/Data E——

Show information about your data set by selecting its name in the Datasets area.

w [atazets

Ensembile dotaset containing 16 members.
Signals:
Vibration/Data
Tacho/Data
Features: none
Condition variables:
faultCode

Visualize Data
After you load your signals, plot them and view all your ensemble members together. To view your

vibration signal, in the Signals & Spectra pane, select Vibration/Data. Selecting a signal variable
enables the Signal Trace option in the plot gallery. Click Signal Trace.

| FEATURE DESIGMER VIEW
—~ O 3 N B

Mew  Open  Save Plot signal Ensemble
Session  Session Session  Options Trace summary
FILE PLOT

Data Browser @

¥ Signals & Spectra

@ Tacho/Data

The plotting area displays a signal trace plot of all 16 members. As you move the cursor over the
data, an indicator in the lower right corner identifies the member your cursor is on. A second
indicator provides the fault code value for that member.
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4 Disgnostic Feature Desigrer - Signal Trece Vibestion/Dats o O X
SIGHAL TRACE
GroupBy[none =) P Mormalize ¥ Axiz G} it Cursors
Number of Cunves 100 %] i Show Signal Information Merge Harizartal Curser  Lock Vertical Spacing
B Show Panner fAxes Vertical Cursor Lock Henzontal Spacing
__ ViEW. CURSORS =
Data Browser ® | Signel Trace: Vibration/Data
w Signals & Spectra
L ADa Signal Trace
[ Tacho/Data —

|1III| I‘
|'

|
.Fl ;!

|
'I

i M |. ""|.'|'"1 '"lll' "“'I"

|I| | { l'lf‘l Jl |] .|1J\ & ‘ |J}|Il .llu 1l II

' b ’l"\blhllh llllr\\llr"') " "1 Jth‘ltw tl"”'

lli l ”I ||'L |||"| I *I:Ill I| ” | | Ih .||| |I |4|fl: '.' 'I'
[ |.||.H i 0l

M W W '.!.' '”Wmm'f

|
il

¥ Feature Tables

Vibration/Data

2 u

w Datasets
|11 Ensernbite

] 432 8.64 12.96 'i'.".iﬂ- 216 2592

i) Signal trace plot for “Vibration/Data® is in focus.

Interact with the trace plot using standard MATLAB plot tools, such as zoom and pan. Access these
tools by pointing to the top right edge of the plot. You can also use the specialized options on the
Signal Trace tab, which appears when you select the Signal Trace plot.

Explore Your Data Using Signal Trace Options

Explore the data in your plot using options in the Signal Trace tab.
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4 Disgnostsc Feature Detignes - Signal Trace Vibeation/Dats

FEATURE DESIGNER SIGHAL TRACE

Group By none w1 Normalize Y Axis .a,q Data Cumsoe
Numnber of Curves 100 = Shew Signal Informaticn Mesge M Honzontsl Cursar Leck Vertical Spaging
Showe Parner Axes B Vertical Cursor B Lock Horizontal Spacing
VIEW CURSORS =
Data Browser = Signal Trace: Vibration/Tata
w Signals & Spectra
| e | Signal Trace £ EME AT
| Ok Tacho/Diata — LY I

w Feature Tables

Vibsration/Data

.-'\ g -
Vibraticn/Diste Member 15

I "\ ! J fauRCodes]
- Enm;:m1 ./ L X = 06559
L) Ende I 1 1 1 1 1
3
4.“ 4.752 m 5616 6.048 648 6.812 7.344 T.776
Time S8

i) Signal trace plot for “Vibration/Data® is in focus.

Measure the distance between peaks for the one of the members with the high peaks.

1 Zoom in on the second clusters of peaks. In the panner strip, move the right handle to about 8.
Then, move the panner window so that the left handle is at about 4. You now have the second set
of peaks within the window.

2 Pause on the first high peak, and note the member number. The second high peak is a
continuation of the same member trace.

3 Click Data Cursors, and select Vertical Cursor. Place the left cursor over the first high peak
and the right cursor over the second peak for that member. The lower right corner of the plot
displays the separation dX.

4 Select Lock Horizontal Spacing. Shift the cursor pair to the right by one peak for the same
member. Note that the right cursor is now aligned with the third member peak.

Display Signals with Healthy and Faulty Labels in Different Colors

Show which members have matching faultCode values by using color coding. In Group By, select
faultCode.

SIGMAL TRACE VIEW

Group By [faultCode | [l Mormalize ¥ Axis

Mumber of Curves 191 Show Signal Information
Merge

faultCode
Show Panner Aaces

VIEW
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The resulting signal trace shows you that all the highest vibration peaks are associated with data
from degraded systems. However, not all the degraded systems have higher peaks.

|- Signal Trace: Vibration/Data X.|

Signal Trace
T T

faultCode=1
i

\
) OI*@\ |

Vibration/Data

AL |

9§
' A

T i W/

2T | “Yibration/Data:Member 1 5_
faultCode=1
dx = 0.5559
3 m | | | | | |
5.616 6.048 6.48 6.912 7.344 7.776
Time Sec

When you use options like Group By in the plot tab, your selection is limited to the current plot. To
set default plot options for all your plots, in the Feature Designer tab, click Plot Options. Then, in

Group By, select faultCode.
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4| Plot Options — O et
General
Group by [fault{}nde v |
MNumber of curves none
faultCode

Spectrum
Mumber of peaks to mark :x

Ensemble Summary

Mumber of standard deviations

[ ] Show min and max boundaries

| Help | |ﬁ| | Cancel |

All the plots that you create in this tutorial now always group by color. You can override the default
settings for a specific plot in the plot tab for that plot.

Save your session data. You need this data to run the “Process Data and Explore Features in
Diagnostic Feature Designer” on page 2-16 example.

| FEATURE DESIGMER SIGMAL TRACE

= O & N

Mew  Open  Save Plot Signal

Session  Session| Session | Options Trace
FILE

Data Browser LX)

W Signals & Spectra

E——_———]

Next Steps

The next step is to explore different ways to characterize your data through features. The example
“Process Data and Explore Features in Diagnostic Feature Designer” on page 2-16 guides you
through the feature exploration process.

See Also
Diagnostic Feature Designer
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More About

“Process Data and Explore Features in Diagnostic Feature Designer” on page 2-16
“Rank and Export Features in Diagnostic Feature Designer” on page 2-31

“Import Data into Diagnostic Feature Designer”

“Explore Ensemble Data and Compare Features Using Diagnostic Feature Designer”
“Data Ensembles for Condition Monitoring and Predictive Maintenance”

“Condition Indicators for Monitoring, Fault Detection, and Prediction”
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Process Data and Explore Features in Diagnostic Feature
Designer

This example shows how to process your data in the app in preparation for feature extraction. If you
want to follow along with the steps interactively, use the data you imported in “Import and Visualize

Ensemble Data in Diagnostic Feature Designer” on page 2-5. Use Open Session to reload your
session data using the file name you provided.

4\ Diagnostic Feature Designer

| FEATURE DESIGMER VIEW
+1Old N
Mew = Open = Sawve Plot sigy
Session Session | Session | Options T
FILE
Data Browser @

—

If you have no session data, execute the steps for loading and importing data in “Import and Visualize
Ensemble Data in Diagnostic Feature Designer” on page 2-5.

A key step in predictive maintenance algorithm development is identifying condition indicators.
Condition indicators are features in your system data whose behavior changes in a predictable way as
the system degrades. A condition indicator can be any feature that is useful for distinguishing normal
from faulty operation or for predicting remaining useful life. A useful feature clusters similar system
statuses together and sets different statuses apart.

Diagnostic Feature Designer lets you design features that provide these diagnostics.

» For some features, you can generate features directly using signals you imported.
» For other features, you must perform additional signal processing, such as filtering and averaging,
to obtain meaningful results.

The processing you perform depends both on the computational requirements of the feature and the
characteristics of your systems and your system data. This example shows how to:

* Process your data in preparation for feature extraction
* Generate various types of feature

* Interpret the effectiveness of your features in histograms

Perform Time-Synchronous Averaging

The data for this system represents a transmission system with rotating parts. The variables include
tachometer outputs that precisely mark the completion of each shaft revolution. The data, therefore,
is an ideal candidate for time-synchronous averaging.
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Time-synchronous averaging (TSA) is a common technique for analyzing data from rotating
machinery. TSA averages rotation by rotation, and filters out any disturbances or noise that is not
coherent with the rotation.

TSA is useful for isolating fault signatures that repeat each rotation, such as perturbations from gear-
tooth defects. Features generated from a TSA signal rather than the original vibration signal provide
clearer differentiation for rotational fault conditions. This advantage holds true even for features that
are not specifically for rotating machinery.

To compute the TSA of the vibration data, first select the signal to average, Vibration/Data, in the
data browser. Then, select Filtering & Averaging > Time-Synchronous Averaging.

| FEATURE DESIGNER VIEW & 4
HI:II:I | % m E B Frame Policy |[] Filtering & Averaging ~| m
; =~ AVERAGING
New  Open  Save Plot Signal Ensemble Il options ~ | uency-Domain Rank
Session Session Session  Options Trace summary P . Time-Synchronous Averaging Features = Features Y
FILE PLOT COMPUTATION Compute time-synchronous ERATION RAMKING
T BT ® average (TSA) of a rotational signal
w Signals & Spectra Ensemble Statistics
Compute ensemble min, max, mean,
f% Tacho/Data — and standard deviation of a signal
FILTERING

Remove Harmonics
Remove a fundamental
frequency and its higher-order harmonics

Filter TSA Signal
Compute difference, regular,
and residual signals of a TSA signal

w Feature Tables

INTERPOLATION

Interpolation
T -
./ | Interpolate a signal onto
a uniformly sampled time grid

A new Time-Synchronous Averaging tab appears. The app title bar above the tab section displays
Vibration/Data, the signal you are processing.

4 Diagnostic Feature Designer - Data Processing: Vibration,/Data

FEATURE DESIGMER DATA PROCESSIMG TIME-S¥NCHROMNOUS AVERAGING VIEW
9 00 Interpelation Method |Linear - = %
Constant (rpm) |1 | Interpolation od | | S Qﬁ
Q Tacho Signal Tacho/Data *|  Pulses per Rotation 1 | Plot | Apply Close
Compute Mominal Speed (rpm) Number of Rotations 1 | | Results TSA
ROTATION SPEED TACHO PARAMETERS PLOT CLOSE

Since you have a tacho signal, select Tacho signal and Tacho/Data. You can leave Compute
Nominal Speed (rpm) selected, but this tutorial does not use the nominal rpm information.

Beneath the tab, the plot tab Data Processing: Vibration/Data displays the source signal for the
TSA signal.
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| Signal Trace: Vibration/Data | Data Processing: Vibration/Data ¢ |

Data Processing

faultCode=1
fault Code=0

T

Vibration/Data
[=] =y

'
-

Vibration/Data: Member 16
fauktCode=1

0 4.32 8.64 12.96 17.28 21.6 25.92

Scalee (Oms @s

Click Apply to start the TSA computation for each of the 16 members of the ensemble. A progress bar

shows the status while the computation progresses.

DatnBoveser

@ | | DstaProcessing Vibration/Data | Signal Trace: Vibration_tsa/Dats |

il Tacho/Data

+ Signals I_I'Spm
Pl Vibration/Data —

R ———

'lv Feature Tables

Ne festures ovailable,

Use FEATURE GENERATION section
to crecte new features,

Vibration_tsa/Data

* Datasets
L1 Ensemblet
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* The app adds a new signal variable Vibration tsa to the imported Ensemblel data set.

* The signal trace plots Vibration tsa. The time axis of this trace is less than four seconds long.
The original vibration data was 30 seconds long. The shorter timespan reflects the duration of a
single rotation for each member.

* The member shaft rates diverge. This divergence is evident in the increasing misalignment of the
peaks during the rotation, and the fact that the member traces stop at different times.

Once the TSA computation is complete, both the Time-Synchronous Averaging tab and the Data
Processing tab disappear. If you want to return to the Time-Synchronous Averaging tab, click the
plot tab Data Processing: Vibration/Data. The app restores both toolstrip tabs, with the TSA tab
active and the data processing tab inactive.

oo T
— '_- =1

v &

'Il_ | Interpolation Meﬂhoﬁ!l.imr
\ll *  Pulses per Hmn-un 1 Piot | Apply Close
MNumber of R.u‘l.ltmns 1 || Results TSA
TACHO PARAMETERS ﬁ_c}j ] CLOSE a

Data Processing
3 T T T T T T

[ "I T fl "'-u'u'-'."l". o
[l I , | |' |- || || I l | || faullCode=1

E‘“ | Signal Trace: Vibration/Data ﬂf DmPrucﬁslng 'ﬁhrahnm'ﬂata 1 Signal Trace: Vibration_tsa/Data ¢
|I

+||' ~I A I 'l i ' -'. faulCode=0|,

/ 2 :I'“. .|| I

/

‘. ” ” HI.

Vibration/Data

— 4k 'kl.'. I 1l "I':‘ I it | gl
u J H"l ’||lb||l| ] ]’ ,JI { i'“ | 1| ' “ ]1 1"'1*.: l‘
| | || | f||. . ’..', |H 1
-2'. i. _ Lh I"! ll bl“' 1l | ., "ll . 'l

DATA PROCESSING TIME-SYNCHROMNOUS AVERAGING
Signal |Vibration/Data 'l Frame Policy: None
Independent Variable: Time Frame Size: Full Signal Time-5yn... Ensemble Remove Filter TSA  Interpola.. Subtract
Condition Variables: faultCode Frame Rate: None Statistics ~ Harmonics Signal Reference
SIGMAL FRAME POLICY DATA PROCESSING

If you want to perform similar processing on another variable, click Close TSA. The data processing
tab activates. From that tab, you can change the signal to process. Then, from the data processing
gallery, you can select TSA processing or any other processing that is compatible with the signal
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selection. The process and tab that you select retains any settings that you specified previously in the
session.

FEATURE DESIGMER DATA PROCESSING VIEW

Signal |Vibration!Data | Frame Policy: None @ E m E
Independent Variable: Time Frame Size: Full Signal Time-5yn... Ensemble Remove Filter T4  Interpola.. Subtract
Condition Variables: faultCode, Tacho_rpm Frame Rate: None Statistics ~ Harmonics Signal Reference
SIGNAL FRAME POLICY DATA PROCESSING
Data Browser ® | Signal Trace: Vibration/Data | Data Processing: Vibration/Data | Signal Trace: Vibration_tsa/Data |
w Signals & Spectra

Compute Power Spectrum

The TSA signal gives you enough information to start generating time-domain features, but you must
provide a spectrum to explore spectral features. To generate a power spectrum, select the new TSA
signal Vibration tsa/Data in the data browser. Then, click Spectral Estimation to bring up the
spectrum options. From these options, select Autoregressive Model.

Filtering & Averaging = @b

Residue G tion *
[ Residue Generation Time-Domain §|

[ Spectral Estimation - Features~ Fe
POWER SPECTRUM

Welch's Method
Compute power spectrum of
W Signals & Spectra a signal using Welch's method
@ Vibration/Data ——
Fd Tacho/Data Autoregressive Model

Gl —— R

and compute its power spectrum

State-Space Model
Fit a state-space model to a
signal and cormnpute its power spectrum

ORDER SPECTRLIM

Order Spectrum
Compute order
spectrum of a rotational signal

The Autoregressive Model tab provides parameters that you can modify. Accept the default values
by clicking Apply.
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4 Diagnostic Feature Designer - Data Processing: Vibration_tsa/Data

FEATURE DESIGMER DATA PROCESSING AUTOREGRESSIVE MODEL VIEW

Select Automatically Model C}rder E‘ W 23

Min |0 | Max[1000 | Samples Approach Forward-Backward _~ | Plot | Apply Close
Scale Linear | Units |Hz -| Windowing Method |No Windowing *| |Results AR Model
FREQUEMCY GRID MODEL PARAMETERS PLOT CLOSE

The power spectrum processing results in a new variable, Vibration ps/SpectrumData. The
associated icon represents a frequency response.

You can determine the source of the new spectrum (the original signal from which new spectrum was
derived) by pausing on the spectrum name in the data browser. The following figure shows the
resulting tooltip, which contains the information that the signal source is Vibration tsa/Data,
which in turn has the source Vibration/Data.

A plot of the spectrum appears in the plot area. As with Signal Trace, a Power Spectrum tab
provides options for plotting. These options are similar to Signal Trace. The plot has no Panner
option because Panner works only with time and not frequency.

FEATURE DESIGMER POWER SPECTRUM

X Scale 25| Data Cursors
Ensemble View Group Variables Herizontal Cursor Lock Vertical Spacing
Preferences » Show Signal Informatien Vertical Cursor Lock Horizontal Spacing
VIEW CURSORS =
Data Browser ® +v1 | Signal Trace: Vibration_tsa/Data | Power Spectrurn: Vibration_ps/SpectrumData
¥ Signals & Spectra
[id Vibration/Data —
[l Tacho/Data — Power S rm
[ Vibration_tsa/Data — 20 T T T T
| ‘u‘ibration_ps.fSpEtrum... —
| Spectrum variable, Sources: Vibration/Data->Vibration_tsa/Data .
=20 7
w Feature Tables
No features available.
g 40 7
Use FEATURE GENERATION section =
to create new features. "g“
o G0 T
-80 .
w Datasets
I EREERBIET— A
Ensemble dotaset containing 16 members. =100 e
Signals: o . =
Vibration/Data Vibratio n_ps.fSpectrumDataT.:Iuenrgtl;E;E,
Tacho/Dat | | I L
acho/Data 420

Vibrati tsa/Dat 5 y
ibration_tsa/Data 102 107" 10? 10" 102

Frequency (Hz)

Mandale and Snactra:

Vibration_ps/SpectrumData v

i) Power spectrum plot for "Vibration_ps/SpectrumData” is in focus.
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Generate Features
Signal Features

Generate features based on general data statistics, using the TSA signal as your source. Select Time
Domain Features > Signal Features.

Time-Domain | Frequency-Domain

Features = Features =
¥ Signals & Spectra Signal Features
Fe Vibration/Data —— Compute statistical
‘ Fd Tacho/Data features from signals
| Jul Vibration_ps/Spectrum... Rotating Machinery Features
I% Compute features from

rotating machinery signals

Monlinear Features
Compute nonlinear
features from signals

As with data processing, preselect your source signal before choosing a feature option. Select
Vibration tsa/Data and then click Signal Features to bring up the Signal Features tab. Above
the tab, the app displays the selected source signal, Vibration tsa/Data. By default, all features
are selected. Clear the selections for Shape Factor and Signal Processing Metrics.

4 Diagnestic Feature Designer - Time-Domain Features: Vibration_tsa/Data

FEATURE DESIGMNER TIME-DOMAIM FEATURES SIGNAL FEATURES VIEW
lsgh Select All Mean [ Shape Factor Crest Factor Peak Value = [ Signal-to-MNoise Ratio @ Qp %
F | | I & | i i i
[ Unselect Al & RMS & Kurtosis E Impulse Factor Total Harmonic Distortion Piat || Apply Close
Standard Deviation Skewness Clearance Factor [ SINAD Results Signal Features
ALL FEATURES STATISTICAL FEATURES IMPULSIVE FEATURES HARMONIC FEATURES PLOT CLOSE

For every selected feature, the app computes a value for each ensemble member and displays the
results in a histogram. Each histogram contains bins containing the number of feature values that fall
within the bin range. The Histogram tab displays parameters that determine the content and
resolution of the histograms.

The histogram groups, or color codes, the data according to the condition variable faultCode in
Group By. Blue data is healthy (faultCode = 0) and orange data is degraded (faultCode = 1),
as indicated by the legend (color coding might appear different in your session). For feature values
where the healthy and degraded labels overlap, the color appears brown because of the overlap
between blue and orange.
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FEATURE DESIGNER HISTOGRAM
Em Group By |faultCode  * Bin Width Bin Limits &
Select & chon G it Binning Method |auto probability gy
Features owlroup LIStance | pyymper UfEins
VIEW GROUPING OPTIONS APPLY a
Data Browser @ +2 J’ Power Spectrum: Vibration_ps/SpectrumData Kl Time-Domain Features: Vibration_tsa/Data x| Histogram: FeatureTablel =
w Signals & Spectra ‘ Vibration_tsa_si IStd e Vibration_tsa_si ISk q ion_tsa_si IRMS
[ Vibration/Data —
[%] Tacho/Data — Y 0.6 08
[ Vibration_tsa/Data — = E é‘06
[ Vibration_ps/Spectrum,,, — s— £ =] =}
_ps/Sp Fo. 504 E
e B 204
a o a

o
5]

=)

0.03 .02 0.01 0 08 1 12 14 16
Vibration_tsa sigsm.'PoalNalm tsa_t Mean v _tsa_ i

Feature Tables

1
=]
e

S— hu.a :-.D'B o6
Vibration_tsa_sigstats/ClearanceFactor E 0. E 0.6 ;‘;
Vibration_tsa_sigstats/CrestFactor B s B 04
Vibration_tsa_sigstats/ImpulseFactor ELD' E : g

=
R

Vibration_tsa_sigstats/Kurtosis 02
Vibration_tsa_sigstats/Mean
Vibratinn t=a sisstats/PeakValues

=

E Ensemblel

>
N 1 E

08 . 08
Z Z Z
EDB Eo.s EDG
B 04 E 0.4 B 04
= a =
02 0.2 02
] ]
18 19 2 21 22 26 27 28 29 3 31 32

You can get a rough idea of which features are effective by assessing which ones clearly segregate
blue data from orange data. RMS and CrestFactor appear effective, as they have only small areas of
overlap. Conversely, Skewness and Kurtosis have large amounts of overlap. These features appear
ineffective for this data and this condition variable.

By default, the app plots the histograms for all the features in the feature table. You can focus on a
subset of histograms by using Select Features. Use Select Features to limit the histogram plots to
the first four in the feature table.

| rowocon  JNNEECTEE oo

&ﬂ Group By TookCodn =] Bim ik #dn B
Fanrang Mthod | o  Maeral

Galet

£ o S Growp DRRBncE | o o e T

& Fiture Selenie - a ®

Sebect Mialufis
=] LingecT AN

Fealie |
B N e T i F At |
WEranon_ta_tigiter Trenkaci |
Viraton_t_igitat mouseFace
g TP |
Wit it s

| [Wiraton _tta_isgatata PeakVakse |
Vibraton_ta_pgutas e

BRI LM St S S |
| ] fverson_su_ssumg

R

2-23



2 Getting Started with Diagnostic Feature Designer

The histogram view now includes only the features you select.

Data Browser

g‘l J Power Spectrurm: Vibration_ps/SpectrumData xl Time-Domain Features: Vibration_tsa/Data XJ’ Histogram: FeatureTablel 0

w Signals & Spectra

Vibration_tsa_sigstats/Kurtosis

[ Vibration/Data

] Tacho/Data

[ Vibration_tsa/Data

@ Vibration_ps/Spectrurm..

|||| @

w Feature Tables

_ | FeatureTablel -
Features:
Vibration_tsa_sigstats/ClearanceFactor
Vibration_tsa_sigstats/CrestFactor
Vibration_tsa_sigstats/ImpulseFactor
Vibration_tsa_sigstats/Kurtosis
Vibration_tsa_sigstats/Mean

Vibratinn t=a siestats/PeakValue v
<

w Datasets
EE Ensemblel

0.8

06

probability
[=]
-

225

probability
o o
= =]

o
(&)

1.8

185 19 195 2

[faultCode=0
[ faultCode=1

2.252 2254 2.256 2.258

Vibration_tsa_sigstats/CrestFactor

205 21 215 22

1

o
@

probability
=)
=]

o
=

027

probability

22

Vibration_tsa_sigstats/ImpulseFactor

23 24 25 2.6 27
Vibration_tsa_sigstats/ClearanceFactor

28

Control the appearance of the histograms using the parameters in the Histogram tab, which
activates when you generate the histograms. The CrestFactor feature appears to separate healthy
and unhealthy data almost completely. Investigate whether this result is sensitive to resolution. In the

Histogram tab, the auto setting of bin width results in a resolution of 0.1 for CrestFactor. Enter a
bin width 0.05, and click Apply.
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! BinLimits auto |
Binning Method |auto > N lization | probability =

pOistance | Numberof Bins[asto |

NG OPTIONS APPLY

@ E *:7. I Power Spectrum: Vibration_ps/5SpectrumData xl Time-Domain Features: Vibration_tsa/Data x| Histogram: FeatureTablel |
Vibration_tsa_sigstats/Kurtosis Vibration_tsa_sigstats/ImpulseFactor
1 1 T v T T
[ fauttcode=0
osl faultCode=1| | 08t
E 06 E 06 [
£ =]
© ©
3 8
= 04r = 0.4
02r 02t
0 0
/ClearanceFactor 225 226 227 2.28 2.29 25 2.2 23 24 25 26

ts/CrestFactor
ts/ImpulseFactor

Vibration_tsa_sigstats/CrestFactor
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>
[ ] 2o Z o6
= £
] ]
8 )
= 0.4 = 0.4
0.2 02f
0 0
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At this resolution, both CrestFactor and ImpulseFactor appear to completely separate healthy
from degraded data. ClearanceFactor still has some mixed data, but to a lesser degree than with
the larger bin width. Kurtosis has a smaller bin width of 0.002 with the auto bin width setting.
Changing the bin width to 0.05 results in a single bin that contains all the Kurtosis data.

Histograms visualize the ability of features to separate healthy from unhealthy data. You can also get
a numerical assessment using Group Distance. The group distance represents the separation between
the healthy and unhealthy data distributions. Click Group Distance. In the dialog box, select
CrestFactor in Show grouping for feature.
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FEATURE DESIGMER HISTOGRAM VIEW

M Group By [faultCode ~ Bin Width | 0.05 | Bin Limits |auto
Binning Method |auto ~ | Normalization |probability
Select

|
4} Show Group Distance

Features Murnber of Bins |auto |
WIEW GROUPING OPTIONS
4| Group Distances - faultCode — O et
Show grouping for feature  Wibration_tsa_sigstats/CrestFactor e
faultCode Group 1 faultCode Group 2 K5 Statistic __|
0 1 1
Help Close

The group distance, represented by the KS Statistic, is 1. This probability value represents complete
separation.

Next, select Kurtosis. The Kurtosis histogram shows substantial intermixing.

4| Group Distances - faultCode — O >
Show grouping for feature  Vibration_tsa_sigstats/Kurtosis v
faultCode Group 1 faultCode Group 2 K5 Statistic
0 1 0.5633
Help Close

The KS Statistic in this case is about 0.6, reflecting the intermixing in the histogram.
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Restore Bin Width to auto.
Rotating Machinery Features

Since you have rotating machinery, compute rotating machinery features. In the data browser, select
your TSA signal. Then, select Time-Domain Features > Rotating Machinery Features.

Time-Demain | Frequency-Domain
Features = Features = I

Signal Features
Cormpute statistical
features from signals

¥ Signals & Spectra
Rotating Machinery Features

% Vibration/Data t% Compute features from
Lacho/fata rotating machinery signals

IEI__ |

|}L»~.| Vibration_ps/Spectrum...

Monlinear Features
Compute nonlinear

features from signals

The Rotating Machinery Features tab can create features from TSA signals as well as from TSA
difference signals and TSA regular signals. Since you have only a TSA signal, the app disables the
selections that do require a different signal type.

4\ Diagnostic Feature Designer - Time-Domain Features: Vibration_tsa/Data

FEATURE DESIGNER TIME-DOMAIN FEATURES ROTATING MACHIMERY FEATURES @

TSA Signal: Vibration_tsa/Data Root Mean Square (RMS) Kurtosis (FIM4) Zero-Order Figure of Merit (FMO) (% Q;? %
. . < m . ; ;
Difference Slgna||none | B Kurtosis Mormalized 6th Moment (MBA) Energy Ratio Plot Apply Close
Regular Signa||none '| Crest Factor Mormalized 8th Moment (MB8A) Results Rotating Machinery
SIGMALS TO USE METRICS USING TSA SIGNAL | METRICS USING DIFFEREMCE SIGMAL METRICS USING MIXED SIGMALS PLOT CLOSE

Accept the default selections by clicking Apply.
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Data Browser
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The app automatically adds the new features to the feature table and the Select Features list, and
plots the new histograms at the top of the histogram display. CrestFactor and Kurtosis
histograms are essentially the same whether they are computed as signal features or rotating
machinery features, since both computations use the TSA signal as a source.

Spectral Features

Compute spectral features from the power spectrum you generated earlier. Select Vibration ps/
SpectrumData. Then, select Frequency-Domain Features > Spectral Features.

v il

Frequency-Domain Rank E
Features = Features =

w Signals & Spectra Spectral Features
@ Vibration/Data m. Compute features
(% Tacho/Data from spectral data

Yibration tza,/Data

Bearing Faults Features
Compute spectral
features for bearing faults

Gear Mesh Faults Features
Compute spectral
features for gear mesh faults

Custom Faults Features
Compute spectral
features for custom faults

Specify the frequency band to use by setting the minimum and maximum band values. To capture the
power spectrum peaks efficiently, limit the frequency range to a maximum of 10 Hz, starting at 0.001
Hz. The plot displays this band as an orange rectangle underlaying the frequency plot.
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4 Diagnostic Feature Designer - Frequency-Domain Features: Vibration_ps/SpectrumData

FEATURE DESIGMER. FREQUENCY-DOMAIN FEATURES SPECTRAL FEATURES

Frequency Band for All Features: Peak Amplitude Peak Value Lower Threshold m M MNatural Frequency () Band Power | [AA W %
Peak Frequency Mini E cy Gap |0.001 [ Damping Factor () . o q
= i 3 = PRy o
Number of Peaks Peak Excursion Tolerance IC' Number of Modes 1> Spectral Features
FREQUENCY BAND SPECTRAL PEAKS MODAL COEFFICIENTS BAND POWER PLOT CLOSE
Data Browser ® +'3 J Time-Domain Features: Vibration_tsa/Data 0 1 Histogram: FeatureTablel | Frequency-Domain Features: Vibration_ps/SpectrumData 0
w Signals & Spectra |
Pl Vibration/Data ——
Fi| Tacho/Data — Power Spectrum
[ Vibration_tsa/Data — 20 T T T T T T T T T T T T T T T T g g T
L Vibration_ps/Spectrum... || faultCode=1
fault Code=0
1]
-20
w Feature Tables
E FeatureTablel
o 40
=2
e
g
o -60
-80
w Datasets
EE Enzemblel
-100
L4
Vibration_ps/SpectrumData:Member 16§
faultCode=1, Tacho_rpm=17.4927
420 I . R . [ . . . [ R . I . . .
10?0 107 10710 10 10°
Frequency (Hz)

The histograms show substantial intermixing of healthy and unhealthy data in one or more of the bins
for all three features.

4-'3 I Time-Dormain Features: Vibration_tsa/Data 5%| Histogram: FeatureTablel Ml Frequency-Domain Features: Vibration_ps/SpectrumData ss]

Vibration_ps_spec/BandPower e Vibration_ps_spec/PeakFreqi i Vibration_ps_spec/PeakAmp1
08 04
> > 1::ﬂuﬁ
=086 =03 =
=) 0 =]
0.4
Eé 04 JE 02 ‘E
o o o
02 0.1 2

=
=]

(i}
04 06 08 1 12 13 135 14 145 15 1556 04 05 0.6 oF 08 09 1

Vibration_tsa_rotmac/CrestFactor . Vibration_tsa_rotmac/Kurtosis

Vibration_tsa_rotmac/RMS

You now have a diverse set of features.

Save your session data. You need this data to run the “Rank and Export Features in Diagnostic
Feature Designer” on page 2-31 example.
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FEATURE DESIGMER ‘
o 3IEH P

Mew Open Save /
Session  Session  Session !

FILE

Next Steps

The next step is to rank those features to determine which ones provide the best indication of system
condition. For more information, see “Rank and Export Features in Diagnostic Feature Designer” on
page 2-31.

See Also
Diagnostic Feature Designer

More About

. “Open Diagnostic Feature Designer” on page 2-6

. “Rank and Export Features in Diagnostic Feature Designer” on page 2-31

. “Explore Ensemble Data and Compare Features Using Diagnostic Feature Designer”
. “Interpret Feature Histograms in Diagnostic Feature Designer”

. “Data Preprocessing for Condition Monitoring and Predictive Maintenance”

. “Condition Indicators for Monitoring, Fault Detection, and Prediction”

. “Condition Indicators for Gear Condition Monitoring”
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Rank and Export Features in Diagnostic Feature Designer

This example shows how to rank features using several classification ranking techniques, how to
compare the results, and how to export features from the app. If you want to follow along with the
steps interactively, use the data you imported in “Process Data and Explore Features in Diagnostic
Feature Designer” on page 2-16, and use the feature set from that example. Use Open Session to
reload your session data using the file name you provided.

4 Diagnestic Feature Designer

| FEATLURE DESIGMER VIEW
=l d N
Mew = OCpen = Sawve Plot Sigy
Session| Session | Session | Options T
FILE
Data Browser @

—

When you generate features for classification, you seek the features that perform best at
distinguishing among data of different conditions. When you view the histograms, you can get an idea
of the relative effectiveness of your features. In this example, you use ranking algorithms to perform

this feature comparison more rigorously. Once you have chosen the features you want to retain, you
export these features into the MATLAB workspace.

Rank Features

Rank your features using the default T-Test technique. Click Rank Features. Select
FeatureTablel.

A PR acion
i Frequency-Domain Rank Export
& Features = Features = ~

{RE GEMERATION

FeatureTablel

Your selection brings up a ranked list of features, displayed as both a bar chart and a numerical table.
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FEATURE DESIGNER FEATURE RANKING

o1 E -
i (i Rank By wny | A | W
Superised Unsupenised Prognostic  |feultCode ~| [T-Test = Delete  Export
Ranking™  Ranking=  Ranking = Scores ™ -
HETHODS CONDITION SORT SCORE . EXPORT -
Diats Brawwser = | Swgnal Trece Vibration_tea/Data Histograsm: FestureTablel Pewer Spectrum: Vibeation_pe/Spectrumists Festure Ranking: FeatureTablel
¥ Signals & Spectra Features Sorted by Importance
= : i
% :;:rh':’f‘u'z::‘" ee— | Feature T-Tiest
| 4 Tachas A — — Visraien_isa_sigsiats/CrestFacior 10.12655
| e Vikration_tsa/Data rm—l Vibration_tsa_sigstals'CrasiFactor v _:.m e e
| Bl Vibistion_ps/ipectiumm., — e— et B S ik
Wiraton_tsa_SigsiatsimpuiseFactorn TR
Vinration_tes_sksiatPeal’V ke EETIS
Wibration_tsa_sigsteiuClearanceFactor &.8813
ibraton_tes_sigaistaANG 28801
! Wibration_tsa_rotmacRUS 3.5801
w Feature Tables \Vibration_ps_speciBandPower 3
L st Table] I oo i et
Wibradon_ps_specPesiFreql 0.4878
Features: Visratinn_ss_spesDenkimg 03535
Vibration_tsa_sigstats/ClearanceFactor - o
Vibration_tsa_sigstats CrestFamor Vibraton_tsa_skgslatySkewness D.igen
Vibration_tsa_sigstats/Impulsefactor WOrMDn_tEh_SigslalaKirmas 0.p2ss
Vibration_tsa_sigstats/Kurosis Vibration_tsa_rotmaciuriosis 0.0865
Vibration_tsa_sigstats/Mean Winraton_tus_sigaialaSid 00482
Vinrarinn rea siestars/PeakiValis b
€
w Datazets
11 Ensemnble]

The bar chart legend shows that the initial ranking is performed using the T-Test algorithm. The chart
is normalized to 1 to facilitate visual comparison. The table displays unnormalized ranking scores.
Pause on a bar to get the full variable name. The highest ranking feature is CrestFactor, which has
the same value whether it was computed as a signal feature or a rotating machinery feature.

Choose Alternative Ranking Algorithm
Each ranking algorithm uses different criteria to perform the ranking. In the Feature Ranking tab,

click Supervised Ranking to bring up a menu that summarizes each method. From that menu,
select Bhattacharyya.
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FEATURE RANKIMNG
iy | 0 &R
Rank By Sort By HE

Supervised | Unsupervised Prognostic |faultCode +| |T-Test | Del
Ranking™| Ranking™  Ranking™ Scol

|| TWO-CLASS RANKING METHODS

T-Test
|| Absclute value two-sample T-
test with pooled variance estimate

Entropy
| Rank features using an independent
evaluation criterion by relative entropy

Bhattacharyya
/A Rank features by minimum attainable
classification error or Chernoff bound

_. ROC
E 7 Rank features by area between the empirical receiver
operating characteristic (ROC) curve and the random classifier slope

Wilcoxon
|II_|L Rank features by absolute value of the
standardized U-statistic of a two-sample unpaired Wilcoxon test

MULTI-CLASS RAMKING METHODS

One-way ANOVA

N\\| Rank features by one-
[ way analysis of variance
Kruskal-Wallis

Rank features by chi-sgquare
statistic of a Kruskal-Wallis test

A Bhattacharyya tab opens with ranking specifications that are standard for all of the techniques.
Click Apply.

FEATURE DESIGMER FEATURE RANKIMG BHATTACHARYYA VIEW
Correlation Importance  Ngrmalization Scheme |mir1max "| W %
Appl Close
(e CE e PPY
IE' F_new = (F - min(F))/{max(F) - min(F)) Bhattacharyya
WEIGHTIMG MORMALIZATION APPLY CLOSE

Apply updates the ranking display with the new results, displayed along with the original T-Test
results.
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Features Sorted by Importance

: Feature T-Test Bhattacharyya
Vibration_tsa_sigstats/CrestFactor 10.1366 3.3698
ibration_tsa_rotmac/CrestFactor 10.1366 3.3693
Vibration_tza_sigstatzs/impulseFactor 78789 28337
Vibration_tsa_sigstatz/PeakValue 58715 5.5265
Vibration_tsa_sigstats/PeakValue h Vibration_tsa_sigstats/ClearanceFactor 48613 2.0050
Vibration_tsa_sigstats/RMS 3.5901 22244
] Vibration_tsa_rotmac/RMS 3.5%01 22244
i ibration_ps_spec/BandPower 3.2527 1.3722
Vibration_tsa_sigstats/Mean 0.9150 1.5317
b Vibration_ps_spec/PeakFregi 0.4679 0.1042
[ T-T est Vibration_ps_spec/PeakAmp 0.3535 0.0842
I Ehattacharyya i Vibration_tsa_sigstats/Skewness 0.1860 0.1078
i Vibration_tsa_sigstats/Kurtosis 0.0865 0.1085
Vibration_tsa_rotmac/Kurtesis 0.0866 0.1085
T Vibration_tsa_sigstats/Std 0.0422 01033
1 L 1 1
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The Bhattacharyya technique yields results that are similar to, but not identical to, the T-Test
results. The highest ranking feature is PeakValue from the Signal Statistics set. This feature is
fourth in the T-test ranking. The crest factor features are still in the top three.

The ranking is still sorted by T-Test. Sort instead by Bhattacharyya. Close the Bhattacharyya
tab and return to the Feature Ranking tab. Then, select Bhattacharyya in the Sort by list.

FEATURE DESIGHNER FEATURE RANKING BHATTACHARYYA VIEW

Correlation Impertance  Ngrmalization Scheme | minmax - 23
) ) Apply Close
PR _E. -
(%) [0 | Fnew= (F- min(A)/(max(F) - min() | Bhattacharyys

WEIGHTIMG MORMALIZATION APPLY CLOSE

% HIE) Rank By Sort By EEE v

Supervised Unsupervised Prognostic |faultCode +| |Bhattacharyya »| Delete  Export
Ranking™  Ranking™  Ranking ™ f | Scores™ b

METHODS CONDITION SORT SCORE | EXPORT

The ranking table now shows PeakValue at the top.
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Features Sorted by Importance

Feature T-Test Bhattacharyya
Vibration_tsa_sigstats/PeakValue 58715 5.5265
ibration_tsa_sigstats/CrestFactor 10.1366 3.3698
5 Vibration_tsa_rotmac/CrestFactor 10.1366 3.3698
ibration_tza_sigstats/impulzeFactor 7.8789 26337
E Vibration_tza_sigstats/BMS 3.5901 22244
Vibration_tza_rotmac/RMS 3.50901 2.2244
] “ibration_tza_sigstats/ClearanceFactor 48613 2.0050
I T-Test | Vibration_tea_sigstats/Mean 0.9190 15317
- Bhattacharyya Vibration_ps_spec/BandPower 3.2527 1.3722
] Vibration_tsa_sigstats/Kurtosis 0.0865 0.1085
Vibration_tza_rotmac/Kurtosis 0.0865 0.1085
7 Vibration_tsa_sigstats/Skewness 0.1880 0.1072
j ibration_ps_spec/PeakFregi 0.45879 01042
Vibration_tsa_sigstats/Std 0.0432 0.1038
7 Vibration_ps_spec/Peakamp 0.3535 0.0842
L 1 L L

0 0.2 0.4 0.6 0.8 1

Delete a Set of Rankings

You have two sets of rankings. Now, delete the Bhattacharyya results. In the Feature Ranking
tab, select Delete Scores > Bhattacharyya.

2 13
EFEE HE HIE‘) Rank By Sort By EEE v

Supervised Unsupervised Prognostic |faultCode +| |Bhattacharyya = | | Delete | Export

Ranking™  Ranking™  Ranking ™ Scores ™ b
METHODS CONDITION SORT T-Test
Data Browser ® | Signal Trace: Vibration_tsa/[ FeatureTal
Bhattacharyya —
W Sinnate o

Features soreu ny Impor

Bhattacharyya disappears from the ranking results.
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Features Sorted by Importance

Feature T-Test
“ibration_tza_sigstatz/CrestFactor 10.1366
Vibration_tsa_rotmac/CrestFactor 10.1366
Vibration_tza_sigstatz/impulzeFactor 78789
‘ibration_tza_sigstats/PeakValue 58715
Vibration_tsa_sigstats/ClearanceFactor 48513
Vibration_tza_sigstats/RMS 3.5901
Vibration_tsa_rotmac/RMS 3.5801
Vibration_ps_spec/BandPower 3.2527
“ibratien_tsa_sigstats/Mean 0.9190
Vibration_ps_spec/PeakFreqg 0.4679
“ibration_ps_spec/Peakfmpl 0.3535
‘ibration_tsa_sigstats/Skewness 0.1860
Vibration_tza_sigstatz/Kurtosis 0.0888
Vibration_tsa_rotmac/Kurtosis 0.0865
Vibration_tza_sigstats/Std 0.0432

Export Features to MATLAB Workspace

The final step in the Diagnostic Features Designer workflow is to export your features. In the
Feature Ranking tab, select Export > Export features to the MATLAB workspace.

FEATURE DESIGNER

FEATURE RANKING

VIEW

215 Q;?
EFEE HE % Rank By Sort By EEE
Supervised Unsupervised Prognostic |fayltCode ~«| |T-Test »| Delete |Export
Ranking™  Ranking™  Ranking~ Scores ¥ -
METHODS CONDITION SORT SCORE DATA
Data B ® | signal Trace: Vibration_tsa/Dat3
=8 SronEe — | o EEClELELE Export features to the MATLAB workspace
w Signals & Spectra Fe;
|@ Vibration/Data 1 " Export features to the Classification Learner
S ———wuCODE

Select the features to export. You can sort the features by any of the rankings you have computed. In
this case, only one ranking, T-Test, is available. The app preselects the top five features. Modify this
selection. Clear the fifth selection and select the sixth feature using Ctrl-Click.
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4 Export Features To Warkspace =

Faature table
Features sorted by | T-Test
Salect feaiures

Select top features 5=

Select Al Ungelect Al

Vibration_tsa_sigstats/CresiFactor
Vibration_tsa_rotmac/CrasiFactor
Vibration_tsa_sigstatsimpulseFactor
Vibration_tsa_sigstalsFeakValue
Vibration_tsa_sigstats/ClearancaFactor
Vibration_tsa_sigstats/RMS
Vibration_tsa_rotmacRMS
Vibration_ps_spec/BandPower

LYRRR RN LY

5

Select condition variables

-.( ta uRCode
Tacho_rpm

Hilp _Export_

1 Cancal

Your reduced feature table appears in your MATLAB workspace.

See Also
Diagnostic Feature Designer | anoval | bhattacharyyaDistance | kruskalwallis |
perfcurve | ranksum | relativeEntropy | ttest2

More About

“Process Data and Explore Features in Diagnostic Feature Designer” on page 2-16

“Rank and Export Features in Diagnostic Feature Designer” on page 2-31

“Explore Ensemble Data and

Compare Features Using Diagnostic Feature Designer”

“Perform Prognostic Feature Ranking for a Degrading System Using Diagnostic Feature

Designer”

“Data Preprocessing for Condition Monitoring and Predictive Maintenance”
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