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ABSTRACT
The prime focus of this thesis was to develop a robust Prognostic and Diagnostic Health Management
module (PDHM), capable of detecting faults, classifying faults, fault progression tracking and
estimating time to failure. Priority was to obtain as much accuracy as possible with the bare minimum
amount of sensors as possible. Algorithms like k-Nearest Neighbors (k-NN), Linear and Non- Linear
regression and development of rule engine to identify safe operating limits were deployed. The entire
solution was developed using R (v 3.5.0). The accuracy of around 98% was obtained in diagnostics.
For Prognostics, our ability to predict time to failure more accurately increases with time. Some
balance must be there between learning horizon and predicting horizon in order to get good
predictions with reasonable time left to hit catastrophic failure. In conclusion, the PDHM module
works just as desired and makes Predictive maintenance, smart replacement and crisis prediction
possible ensuring the safety and security of people on board and assets.
Keywords: Diagnostics, Prognostics, PHM, predictive maintenance
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INTRODUCTION
1.1

Overview

Safety critical systems (like in aircrafts) mandate the real-time monitoring of system parameters with
the help of a diagnostic engine. There is also a need to track parameter trajectory to estimate the rate of
fault progression and time till catastrophic failure with the help of prognostics engine. This was done
for of not just ensuring the safety of human life and property, but also for saving on maintenance and
operations cost. Below are the things that are possible with a robust Prognostic and Diagnostic Health
management (PDHM) module.
Some informal definitions of Diagnostics and Prognostics are given below.
Diagnostic was the part where the presence of faults in the system was detected and classified.
Prognostic was the part where fault progression was predicted. Here it was also predicted if the
symptoms will improve or worsen (and how quickly) or remain stable over time. This allows us to
calculate the expected time to failure and Remaining Useful Life of a system/sub-system.

Enable smarter
replacement &
Inspection

Optimize Asset
Availibility and Life

Decrease planned unplanned maintenance

Reduce Failures

Recover Lost
Revenue

Lower Risk
Exposure

Optimize Labor
and operations
cost

Figure 1: Benefits of Prognostic and Diagnostic Health management (PDHM) module.

7
This document does not contain any UTAS proprietary data or export controlled technical data.

From Figure 1 one can notice that PDHM can Optimize Asset availability and Life by effectively
monitoring its health and by fixing it before catastrophic failure. One could reduce failures by
scheduling maintenance before expected Time to Failure (TTF0 or End of Life (EOL). It could lower
risk exposure by fixing what is wrong in time. It could optimize labor cost by only asking for
maintenance when needed. It could also reduce operations cost since operations cost is usually the
minimum halfway through its EOL which preventive maintenance can strip that saved revenue away.
It also enables smarter replacement and inspection. It can also help to decrease unplanned and planned
maintenance.
Monitoring some crucial sensor outputs can help us detect the onset of faults in the system, track the
fault progression and estimate time to failure (TTF) or the End of Life (EOL). The step by step
approach of PDHM is shown in Figure 2.
First, the raw data is taken and cleaned. Detailed data cleaning method will be discussed later. Then
data is monitored closely. If the data starts deviating from its nominal behavior, it tries to find the kind
of fault in the system. Soon after that, the prognostics module in jump started. It tries to estimate the
Time to Failure (TOF) after a brief analysis period. This information is then passed on to the person in
charge of planning an appropriate evasive action to mitigate the situation at hand.

Figure 2: Five Stages of Health Monitoring
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The systems ensure real-time/offline detection of an anomaly which might have occurred and also
track fault progression to estimate the time to catastrophic failure which might have a cascading effect
on subsequent dependent systems and sub-systems.
To analyze the behavior and health of equipment, it was necessary to use diagnostics as well as
historical data analysis of an appropriate time window using a prognostic approach. The proposed
prognostic approach consists of processing of historical data to evaluate the health condition of
equipment based on the prediction of equipment subsystems’ parameter patterns, trends, time to
failure for desired time horizons etc.
It was expected that once the diagnostic system confirms the onset of a fault mode, the prognostic
system was immediately triggered and outputs Time to Failure and Remaining Useful Life. It helps in
the identification of impending fault situations for taking appropriate actions like scheduling
maintenance or smart replacement etc.
Knowing the time to failure also allows us to be able to optimize costs by using Condition Based
Maintenance, where both Maintenance and Operating costs are the least. At the beginning i.e. at Start
of Life (SOL) the operating cost was the least but maintenance cost was high. Both of these reduce to
a certain level indicated by the deep blue dot in the green area of Figure 3: Condition Based
Maintenance’s cost benefit. At this point, it takes the least amount of money to keep the machine
running.
However, as faults keep increasing, towards the End of Life (EOL), maintenance costs reduce but
operating costs are high, thus increasing effective cost yet again. That was why condition based
monitoring was best since it was much cheaper than preventive maintenance, safer than Corrective
Maintenance and also ensures that the product is exploited completely before changing or replacing it.
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Figure 3: Condition Based Maintenance’s cost benefit
The proposed work will consist of the development of diagnostic and prognostic approaches based on
NASA’s offline lab test open source Electro-Mechanical Actuators (EMA) dataset. This involves time
series analysis of parameters, feature vector generation based on time and frequency domain analysis,
nonlinear regression-based prediction models for parameter trajectory prediction, machine learning
classifiers for fault classification etc.

The dataset was used for different aerospace applications. Scenario duration was chosen to
exemplify roughly the typical length of an actuator extend/retract operation in the aerospace
context. This could, for example, be a flap or an aileron.
The dataset is publicly available online on NASA’s website, the link for which will be attached in
references. It can be used for any academic or commercial purpose.

1.2

System Description

The Flyable Electromechanical Actuator testbed (FLEA) system was a self-contained, lightweight test
fixture that contains 3 Electro-Mechanical actuators as shown in Figure 4, namely:
x

Actuator X - Fault-injected test actuator

x

Actuator Y - The nominal (non-fault injected) test actuator

x

Actuator Z – Load actuator
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Figure 4: FLEA System [1]
During data collection, the load was switched in-flight from the non-fault injected actuator to the fault
injected actuator, enabling us to collect both normal case and fault case sensor data under the same
circumstances.

Figure 5: Accelerometers setup on actuators [2]
The accelerometers were fit as shown in Figure 5 on actuator X and Y on all three axes. This was done
to get the vibration output in terms of acceleration (g) for both actuator X and Y, in all axes. This
featured a high sampling frequency of 20000Hz.

Figure 6: Actuator's rotational to translational movement [3]
Figure 6 shows the brushless DC motor (BLDC) and how the rotational motion gets converted to
translational to make it function like an actuator. The controller drives the motor. The motor rotates
11
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the leadscrew. The ball nut helps to convert the rotational motion to translational, which moves the
shaft in the X-axis with the help of ball bearings. A detailed explanation is beyond the scope of this
thesis

1.3

Fault injection

Though there are several types of fault occur in the actuator system, but here only three different types
of faults have been studied based on criticality and data availability. Detailed study of this fault was
out of the scope of this thesis.
i.

Jam.

ii.

Spall

iii.

Position Dead.

Some Descriptions of Injected faults…
i)

Jam
The way the Jam was injected was by slightly altering the return channel. It was
done by introducing a small set screw into the channel in such a way it can create
a partial or complete blockage in it. This doesn’t allow the ball bearings to rotate
freely. The only challenge was that the jam can’t be injected into the system when
the actuator is in motion. [1]

ii)

Spalls
Spalling occurs due to development of indentations in the metal surface in highstress areas, say on the screw in which the ball bearing rotates. During spalling,
the machine starts vibrating. This keeps increasing as spall worsens. A severe
spall may result in metal debris to come out which is a dangerous problem
especially in the Aerospace context. This increased vibration may also lead to
damage of other actuator components. The occurrence of spall in EMAs is not
rare and an EMA over its lifetime can face spalling.
Below is the excerpt (in quotations) of how exactly the spall was introduced in the
FLEA.
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“In the first set of experiments spalls were injected by machining a small ‘seed’
imperfection onto the surface of the screw. In subsequent experiments, the team
switched to using a more precise electro-static discharge injection method.” [1]
Figure 7 illustrates the locations on the screw where spalls were initiated.

Figure 7: Spall injection [1]
iii)

Position Dead
It occurs when the position of shaft does not change anymore.

1.4

About the data

[3] In order to deduce usable and impartial conclusions from an experimental study, experiments must
be cautiously planned to enable a statistically and scientifically relevant investigation. Data was
collected by NASA with the key ideas of Design of Experiments (DoE) in mind, which are,
replication, randomization, and blocking. They can help us develop robust diagnostic and prognostic
algorithms.
1) Exhaustive “Failure mode, effects, and criticality analysis (FMECA) studies were carried out
at the beginning to isolate the main failure modes.
2) Main operating modes, system state variables (control variables and internal variables), and
external factors like noise and crosstalk were all recorded.
3) Variables are then classified into control variables (inputs), nuisance variables (noise), and
response variables (outputs).
4) The sensor values of variables are then processed to make sure they output only feasible
values.
5) The DOE should be such that it minimizes the effect of discovered nuisance variables on the
experimental data.
6) After this healthy data was collected to help us classify a healthy system.
13
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7) Next, data was collected while varying the degree of fault in the system to simulate fault
progression with the help of fault injection.
8) The goal of the experiment was to collect data from the test setup, which was dependable,
impartial and covered all the leading functioning & fault modes so that the algorithms
developed could spot and forecast with a high level of assurance.
9) If the number of Control variables was large for a particular operating mode, one may choose
to start with a two-level full factorial design which yields a first-order model and helps weed
out any insignificant factors.
10) The number of experiments determines the statistical soundness and level of precision
obtained from data collected.
14 days of data were captured. (Both high-frequency accelerometer data and low-frequency current,
voltage, temperature data etcetera) [4]

Lower frequency data were sampled at 1000 Hz.
Higher frequency data were sampled at 20000 Hz.
Size of data was ~ 55GB
R (open source software) with RStudio Version 1.1.423 was used for this study.
The computer setup included an Intel® Xeon® CPU E5-1607 0 @ 3.00GHz coupled with an 8.00GB
RAM and 64-bit Windows 7 Operating system which is being attached here to ensure reproducibility.
Table 1 contains a list of onboard sensors installed with their respective units and descriptions [4]
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Table 1: On-Board sensors in the system [4]
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2

RELATED WORK

There are numerous studies by NASA especially the works of Dr. Edward Balaban, Dr. Abhinav
Saxena, Prasun Bansal, Dr. Kai Goebel, Paul Stoelting and Simon Curranwhere. They actually made a
FLEA test stand. It was a lightweight, self-contained testbed capable of supporting three different
actuators: one injected with faults (Actuator X), one nominal (Actuator Y) and the third providing
dynamic load (Actuator Z). [1][2][3][4]
The load can be swapped in-flight from the healthy to the faulty test actuator and vice versa. It gives
us fault injection capability for the test stand without having to alter the actuator in flight which was
necessary for studying its behavior. This allowed us to analyze data in the same scenarios for both a
good and a fault injected actuator for coming up with a robust data-driven model for Prognostic and
Diagnostic Health Management (PDHM) system [6].
They have used Artificial Neural Networks for diagnosing the type of fault and used Gaussian Process
Regression for parameter trajectory estimation and prediction of only one kind of fault. They have also
developed computer system models to allow for an even more vigorous study which however are
closed source.
They have also tried modeling the faults, validated their model and carried out Data-Model Hybrid
PDHM system development.
NASA, however, used all data they collected for their papers and conclusions with the biggest
challenge being installing 20 plus bundle of sensors for giving us PDHM output.
This thesis deals with the problem of how PDHM can still be implemented with the bare minimum
sensor suite that is readily available on most flights. The objective was to extract as much information
as possible from as little as possible and still coming up with competent results. This was done to
increase practicality, the ability for immediate deployment, no additional sensor cost, fitting charges,
extensive maintenance, prevent increasing aircraft gross weight (AGW) and decrease data processing
overhead etc.
Another difference is that this thesis deals with is the implementation of Spall prognostics as well,
which has not yet been attempted using knowledge from a paper. [5]
16
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3

METHOD

The method can be broken down to 3 simple steps as shown in Figure 8 below.

Figure 8: PHM Method Overview
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3.1

Data Pre-Processing

The representation and excellence of data were first and foremost before researching and reaching
conclusions. Hence data pre-processing was often called the most crucial phase of a machine learning
project. (Figure 9: Data Pre-Processing)

Figure 9: Data Pre-Processing
The steps taken to clean the data from raw data are shown below.

1) The dataset was loaded to R with the help of a function which scanned all folders in the
dataset and loaded Low-Frequency data, High-Frequency data separately and labeled them
based on their fault type using their file name. That was how raw data was obtained.
2) Data was formatted as required
x

The numbers in columns were converted to a numeric data type for uniformity.

x

POSIXct function was used to parse the timestamps and convert it into a format the
computer understands.

x

Sampling rates were used to plot all data together. Example,
Fs=1000Hz so, dT =1/fs=0.001. Length of dataset =N
So, a time axis as, t_in_seconds = seq(0,(N-1)*dT,dT) was made, that created a time
vector from 0 to (N-1)*dT, with increment of dt i.e. a vector of length N.

x

This was done because if the plots are shown with the given time stamps, the 14-day data
can’t be seen very clearly. This was also done because plotting with real timestamps
containing every millisecond data, second data, minute data, hour data and day data is
very slow.

3) There were a lot of missing data (NA). Some data columns that were completely or mostly
NAs were discarded. Columns with a few missing data were handled by substituting the NAs
with their respective means.
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4) Outliers were removed and 99.73% of the data that fell within. μ ± 3 σ was kept, to remove
any effect of faulty reading, sensor noise or very rare exceptions etc. In Figure 11 it can be
noticed how the graphs of some important parameters look before Outlier Removal. Motor X
Temperature curves can’t be seen because of an outlier that has a very high magnitude
negative value. However, this is corrected in Figure 12 after outlier removal treatment.

Figure 10: Normal curve with ±3 σ variance used to remove outliers [7]

Figure 11: Important Plots before Outlier Removal
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Figure 12: Some Important variables after removing outliers
5) An FFT study was done to see by what level the data could be down-sampled without any or
negligible loss in the dataset quality ( with some important frequency domain plots attached)
i)

The temperature sensor output was a very low-frequency output with a
frequency under 3 Hz. ( refer Figure 14)

ii)

The current and voltage sensors all safely lie within the 10 Hz mark. (refer
Figure 13 and Figure 15 respectively)

iii)

A LPF with a 25Hz cutoff frequency was used just to be safe and not to
attenuate any desired signal.

iv)

The data was Down sampled by a factor of 20 for making new sampling
frequency to be 50Hz.
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Figure 13: Motor X Current Time series and Frequency plot (up to 500 seconds)

Figure 14: Motor X Temperature Time series and Frequency plot (up to 500 seconds)
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Figure 15: Motor Y Voltage Time series and Frequency plot (upto 500 secs )

6) A low pass filter with a cutoff frequency of 25 Hz was used to remove all unnecessary
frequencies and function as an anti-aliasing filter for the upcoming Down-sampling operation.
7) Data was down-sampled so that it could be easier and faster for us to process the huge data. It
was done such that the new sampling frequency was safely twice more than the fundamental
frequencies.
x

Down-sampled the Low-frequency data sampled at 1000Hz by a factor of 20.

x

So every 20th Sample from the original dataset.

x

The new sampling frequency is 50Hz, and since most data falls below 20Hz. 25Hz as
cutoff frequency is perfect in our use case.

8) Data like temperature, current, voltage, position data etc. were scaled between -1 and 1. It was
done so that the rest of the analysis could be carried out, without getting into local minima.
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9) After all the above 8 steps clean dataset was obtained which were suitable for conducting
further research.
Then the thesis proceeds with Diagnostics in section 3.4 and Prognostics in section 3.5. However,
Divide and Conquer approach and Data Analysis is explained before that to establish a smooth
transition and to know the most important parameters beforehand.

3.2

Data Analysis

To find which Low-Frequency parameters are to be chosen, an exhaustive correlation study was done
as shown in Figure 16 and Figure 17. Note that these two pre-mentioned figures are actually part of
the same table and is displayed as separate figures for us to be able to see what it represents properly.
For reducing dimensions in Low-Frequency Data, only one variable among many that were highly
correlated and showed highest mean and variance change in their box plots for different states (like
Current and Voltage measured) were kept. Time series plots & frequency series plots were analyzed to
show which parameters can classify the best i.e. which parameters show the most amount of Euclidian
distance from its neighboring states.

Figure 16: Correlation Study Part 1
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Figure 17: Correlation Study Part 2
Parameter vs parameter in 2 dimensions were explored to see if any interesting patterns could be
noticed, as shown in Figure 18. These were how the plots would look if those selected labels are
plotted against one another in 2 dimensions. Detailed plots are explained in section 3.2 where the
individual selected parameters are explained in detail
The reason for choosing high-frequency accelerometer data for spall detection is because spall creates
vibration and hence it will be better captured in vibration sensors (accelerometer) than any other
sensor. It was possible to just use low-frequency data for predicting spall, but it gave a very low True
Positives and Very High False Positives.
Out of 25 onboard sensors, with the help of domain knowledge and extensive fault to parameter
mapping, 3 parameters were zeroed down upon, namely Motor X Current (Figure 19, Figure 20),
Motor X Temperature (Figure 21, Figure 22) and Motor Y Voltage (Figure 23, Figure 24) that were
the best to show us onset of a fault in the system as well as for fault progression tracking of lowfrequency data. Parameters were chosen such that there were significant changes in mean and
variances were seen for different kinds of faults. Some of the studies are shown with a few important
plots as mentioned above.
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Figure 18: Parameter vs parameter 2D plots
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Figure 19: Motor X Current Boxplots under different conditions

Figure 20: Motor X Current probability distribution histograms under different conditions
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Figure 21: Motor X Temperature Boxplots under different conditions

Figure 22: Motor X Temperature probability distribution histograms under different conditions
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Figure 23: Motor Y Voltage boxplots under different conditions

Figure 24: Motor Y Voltage probability distribution histograms under different conditions
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In Figure 19 and Figure 20 it can be noticed that the mean and variance of Motor X Current for
Nominal case was very different from the jammed case and spalled case. However, the Position dead
(PD) case was almost the same as the nominal case.
In Figure 21 and Figure 22, clear differences between Motor X Current Jammed and the rest of the
states can be seen, which makes it much easier for the classifier to correctly label the state.
Figure 23 shows changes in variance and mean for all states and is thus a very useful parameter. It can
be explicitly noticed in Figure 24 too.
The more obvious the differences are, the more robust the classification will be.
Some 3D plots showing how the chosen low-frequency parameters look when plotted against one
another is shown below.

Figure 25: Simplicity of detecting a Nominal Data
Figure 27 showed that KNN could classify Nominal data very easily since it was pretty exclusive from
the rest of the classes.
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Figure 26: Showing ease of detection of Position Dead in 2 dimensions

Figure 27: Showing ease of detection of Position Dead in 3 dimensions
From Figure 27 it is evident that it is very simple to separate Position dead from other classes. Please
Note that part drawn in ash was actually covered by red samples due to the perspective of looking
from that particular angle. If it was an interactive 3D graph, one could see it completely separate from
all the other states. The ash airbrush was used to give an intuitive idea of how it should look like in
practice if the red samples were out of the way or somehow transparent.
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Figure 28: Showing how Spall interferes with other states.
In Figure 28 it can be seen that separating spall can be a tough task for the classifier as it pretty closely
mixes with other classes. The KNN can only classify around 75% of true positive for spall, but it also
increased False Positives and Misclassifications. Hence the idea of trying to diagnose spall from lowfrequency data was scrapped and Accelerometer data was brought into picture to classify spall first
and then release data to Low-frequency diagnostic module to make sure that the true positives stayed
high and false positives stayed low.
Jam can also be easily classified since all other states have already been classified. Any sample that
was left out is logically Jam since all other possibilities are ruled out.
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3.3

Divide and conquer

A divide and conquer approach was used to attack this problem. There was a need for different
diagnostic and prognostic modules for high-frequency and low-frequency data respectively. Lowfrequency data was best used to classify normal from jammed and Position Dead operation and highfrequency accelerometer data was best suited to separate spall from a non-spall operation.
In the end, the predictions are combined as shown in Figure to give us the classification of onset of
fault. The flowchart of the Diagnostic algorithm looks like Figure 29.
First High-frequency data was fed to the “Spall detection Algorithm”. If it outputs Spall to be present,
next batch of data in the buffer is analyzed. However, if Spall was not present, low-frequency data is
fed to the Algorithm that could classify between Nominal, Jam and Position Dead states. Once the
current batch of data was classified, the next batch of data is fed into the system and the process
continues.

Figure 29: Divide and conquer approach
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After all of these studies, Table 1 was refined according to our conclusions and Table 2: Refined Table
after data analysis was made.

Table 2: Refined Table after data analysis

3.4

Diagnostics

3.4.1

Introduction

Diagnostics was the identification of the nature and cause of a certain phenomenon. This helps in
maintaining, repairing and ensuring the intended performance of a component/system/subsystem.
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One needs to constantly monitor the important system/sub-system parameters to be able to identify the
onset of any faults in the system.
This was a classification problem which opens the door for supervised learning. K Nearest Neighbors
(K-NN) was used to classify fault type.
Only Nominal, Jam, and PD can be classified with the Motor X Temperature and Motor X Current and
Motor Y Voltage. Nut X Accelerometer Axis X was needed in order to classify spall from non-Spall
cases. The flowchart of the Diagnostic algorithm looks like Figure 29.

3.4.2

Diagnostics with High-frequency Data

High-frequency data like the Accelerometer data help to find if the Electro-Mechanical Actuator has a

A

Nut X Accelerometer Y axis Acceleration (g)

spall fault present. Nut X Accelerometer axis Y shows us best features when a spall occurs.

0

25

50

75

Time (s)

Figure 30: Nut X Accelerometer Axis Y Vibration data

Figure 31: Energy of Nut 34
X Accelerometer Axis Y signal
This document does not contain any UTAS proprietary data or export controlled technical data.

Figure 32: Showcasing Spall detection with Nut X accelerometer Axis Y sensor
Figure 30 shows us Nut X accelerometer axis Y signal. The machine starts vibrating vigorously as
spall starts to occur. The energy of this signal is calculated with moving window and anything over the
threshold of 500 is classified as spall as shown in Figure 31,the details of which will be explained
later. Figure 32 shows the spall run in Blue. The orange line over the blue lines tells us from where
spall is getting detected. This orange line magnitude is scaled version of its energy used for illustrative
purpose. However, this sensor is not always available on flights so often. Hence for the rest of the
research Nut X Accelerometer fitted along the X-axis was chosen for studying spall. The reason
behind this decision was due to the fact that the most common type of sensor in flights is a speed
sensor in the X-axis. So simply differentiating with respect to time will give Nut X Axis X
Acceleration. The beauty of this was that it could be readily deployed in aircraft without fitting an
extra sensor or any other specification upgrade. Solutions were constructed to be as simple as plug and
play.
Spall occurs when a slight indentation starts to develop in high stress contact points as shown in
Figure 33. This results in the ball bearings to move with a jerky motion since it falls in the indentation
every time the ball goes from over it. As spall increases machine starts vibrating vigorously. In the
beginning, the increase in spall keeps fairly linearly increasing and hence the vibration keeps
increasing linearly too. However, as soon as the spall becomes almost the size of a ball bearing, the
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vibrations increase drastically and so does the fault progression, which can be imagined to be linearly
increasing but with a much higher slope.
* NOTE: This fault progression was constructed completely based on domain knowledge and spall
fault progression characteristic was chosen and constructed after extensive study.[5]
* NOTE: Since no system parameters (like resistances, Inductances, Capacitance etc.) were officially
released by NASA it was not possible to do some system modeling and introduce spall in that model
for further analysis in the stipulated time frame of the thesis as it will be a huge trial and error process.
But irrespective of the way the progression progresses, this algorithm was written to be able to analyze
the progression, perform detection and effective Time to Failure (TTF) prediction. Here Run to failure
was created so that prognostics could be used to predict TTF and End of Life (EOL).
a. First, the spall High-frequency down-sampled Nut X axis X Accelerometer data is taken and
multiplied it with two straight lines.
b. The Green line, when multiplied with the accelerometer signal leads to vibrations increasing
linearly in a slow fashion. (Figure 34)
c. The Red line, when multiplied with the accelerometer signal leads to vibrations increasing
vigorously after knee point. ( Figure 34)
d. The Blue circle in Figure 34 and Figure 35 symbolizes the knee point where the spall again
increases linearly but at a much higher rate, where supposedly the spall size was almost equal
to ball bearing size.

Figure 33: Example of Spall in ball screw [5]

36
This document does not contain any UTAS proprietary data or export controlled technical data.

Figure 34: Signal that needed to turn into a run to failure case
After weighted multiplication required fault progression is obtained. Figure 32 represents how a real
spalled operation would look like

Figure 35: Spall Run to Failure
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Increase in accelerometer ‘energy’ reading was a very good indicator of spall being present in the
system. This is because in this case, every energy value magnitude is positive due to the signal being
real and every sample being squared. Energy per sample is summed over the desired window size.
This summation also helps in countering sudden changes in sensor readings and acts as a low
pass filter. This was done by using a rolling window of 1 second to calculate energy of the
signal. Intuitively, if the energy increases i.e. machine vibrates more than a set threshold, is classified
as spall.
To calculate WKH energy sample,
ௐLଵ

ݕ݃ݎ݁݊ܧሺLሻൌȁݔሺ݊ሻȁଶ
QୀL

:KHUHL :
Rolling window is then incremented by one
7KLVZDVUHSHDWHGXQWLOWKHUHDUH:VDPSOHVOHIWWRILQGWKHHQHUJ\RIDWZKLFKSRLQWFDOFXODWLRQVWR
ILQGWKHHQHUJ\DUHVWRSSHG
7KLVJLYHVXVHQHUJ\WLOO(1 : ZKHUH1VWDQGVIRUWKHWRWDOQXPEHURIVDPSOHVDQG:ZDVWKH
ZLQGRZOHQJWKDQGWKXV)LJXUHLVREWDLQHG

Figure 36: Energy sliding window figure
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It was known that spall began at 60th second. From the Energy plot, the threshold is set at EThresh= 38
(m2/s4). Red line is the threshold line. The diagnostic module checks if energy was greater than 38
m2/s4. If yes, it will be classified as spall else, it will be classified as non-spall and then it goes forward
to Low-frequency diagnostic module.
NOTE: Normally, access to accelerometers as a sensor onboard aircraft is not there. However, speed
sensor fitted to the shaft in X axis can be used for the same analysis.
This can be easily handled by just differentiating the speed sensor to obtain our acceleration data. It is
assumed that the accelerometer data in Axis X was obtained by taking the derivative of speed sensor
data in X-axis and proceed with our analysis. The equation that is used to do the numerical
differentiation is shown below.

ܽܿܿሺݐሻ ൌ ݀݁݁ݏᇱ ሺݐሻ ൌ 

ௗ௧՜

3.4.3

݀݁݁ݏሺ ݐ ݀ݐሻ െ ݀݁݁ݏሺݐሻ
݀ݐ

Diagnostics with Low-frequency Data

First diagnostics was performed using low-frequency data. K-Nearest Neighbors was used to build the
diagnostic module. Artificial Neural Networks (ANN) was also tried, but it always took too long to
train because it was relatively deep. On the other hand, KNN always completed the analysis in less
than 5 seconds, making it very simple to tune hyper-parameters and hence obtain better results.
3.4.3.1

Working of KNN

K-NN falls under the category of lazy learning or instance-based learning, where the function was
only estimated locally and all computation was deferred until explicitly asked it to classify. The k-NN
algorithm was among the simplest of all machine learning algorithms and also probably the quickest.
The ‘k’ in ‘k-NN’ was the number of data points closest by the Euclidian distance to the point in the
test set whose class needs to be classified.
For example, if there are, 3 Red Spheres (RS), 4 Blue Rings (BR) and a Pink Star (PS) and have to
predict which class PS belongs to the most with respect to important observed features. Let’s take k=2
As shown in Figure 37.
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Figure 37 Working of KNN (1)
So by using the votes of samples that it has seen before it tries to predict the class of the unseen
sample.
Now, if k =4, one would observe the following in Figure 38,

Figure 38: Working of KNN (2)
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Here it can be noticed how the class of the unknown sample was just classified by recalling the
training samples closest to PS, followed by a majority vote. Increasing k value has a regularization
effect on the decision boundaries, but will also increase the number of computations.

3.4.3.2

KNN for Low-frequency data classification

Figure 39: KNN for classification in detail
Motor X Current, Motor X Temperature, Motor Y Voltage & correct class label column is taken, rows
are shuffled randomly, and divided in the ratio 70:15:15 for training, testing and validation
accordingly. These act as input to the KNN as shown in Figure 39. For the value of k in k-NN, some
trial and error was necessary. Best results were obtained when value of k was set to 5.
During training, it learned all the instances of data at the input. When a new instance (from testing or
validation) was put forth, it called upon 5 instances (since k = 5) from training that is closest to the
new instance (by Euclidean distance). It will then conduct a majority vote from all the 5 neighboring
instances to predict and output the class of the new unseen instance.
Results will be discussed later in section 4.
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3.5

Prognostics

3.5.1

Introduction

Once the diagnostic module declares the onset of a fault, the prognostic module was engaged
automatically that finds out the Time to Failure and Remaining Useful Life (RUL). RUL was beyond
the scope of this thesis. This thesis will only discuss and talk about the prediction of the expected time
for a catastrophic failure. The process can be seen in Figure 40.
Prognostics supply the decision maker with an early warning about the projected time to
system/subsystem/component failure and let him/her take appropriate actions. Prognostics forecast
future performance of a system/component by evaluating the degree of deviation or degradation of a
system /component from its normal behavior.

Run To
Failure
Data

Diagnostic
Module

Fault
Detected!

Prognostic
Module

Time to Failure (TTF)
Remaining Useful Life (RUL)

No Fault
Detected

Figure 40: Basic Structure of Prognostic health management

3.5.2

Prognostics for Jam fault

When the actuator gets jammed, two kinds of reactions are experienced.
i)

Motor starts drawing in more current in order to drive the shaft

ii)

Motor Temperature keeps increasing very quickly because of an increase in current (I)
causes Increase in mobility of charge carriers in lattice structure affecting resistance R and
thus temperature.
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Now,
 ܪൌ  ܫଶ ܴݐ
Where,
H-Heat
I-Current
R-Resistance
T-Time
Now how much was the temperature of that material was a very different
phenomenon. But can still be measured.
H = mc(T2-T1)
H-Heat transferred
M-Mass of the material
c-Specific heat of that material
(T2-T1) - Change in Temperature
Let k=mc (constant)
For current, it's governed by the equation:

ܶଶെܶଵൌ
So it can be seen that Temperature Difference was directly proportional to I2. So as I increase,
Temperature T2 also increases thus increasing Temperature Difference.
Maintenance experts agree that excessive heat causes rapid deterioration of motor winding insulation
hence damaging and burning the motor out. Temperature data was used to make the time to failure
prediction because it changes gradually, unlike current, which changes almost instantaneously.
With domain knowledge, it can be safely assumed that once the motor hits the 3 sigma limit (85
degrees centigrade), the BLDC motor has reached its End of Life (EOL). So a limiter was set at 85
degrees as temperatures above that means nothing to us, monitor Motor X Temperature sensor closely
43
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to predict when the temperature might hit 85 degrees and output Time to Failure accordingly. Figure
41 shows some jammed runs.
Do note how close to a sigmoid the curve represents in Figure 43.
To predict the time to failure, the first few seconds are used to find out the sigmoid curve
characteristics. Asymptotes of the sigmoid are set to 85 as that was out biggest value after capping so
that better estimates of the sigmoid parameters were obtained as shown in Figure 42.

Figure 41: Showing Sigmoidal nature of Motor X Temperature
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Figure 42: Sigmoid parameters
One such Motor X Temperature Curve is shown in Figure 29.
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Figure 43: Showing the sigmoid nature of curve
First 2500 samples were used to estimate the xmid and scal values. Then a sigmoid with those
estimated variables and Asymptote at 85 was constructed and superimposed on the Motor X
Temperature Curve to check the fit. The fit looks to be good as can be seen in Figure 44.
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Figure 44: Figuring out the parameters of sigmoid the data forms a part of
The results were obtained by using non-linear least square regression (NLS), in which the sum of the
squares of vertical distances of points in the data from the regression curve was minimized, until it hits
minima ( maybe global or local, based on start values, how parameters are scaled and how it made
corrections based on errors ).
For NLS to be able to figure out the best fitting curve, it needs some starting values data so that it can
iteratively decrease cost function and eventually converge to the correct or close to correct sigmoid
parameters.
To obtain the starting values i.e. Asym, xmid and scal, self-starting functions were used. As the name
suggests, a self-starting function estimates the starting values for NLS themselves, which was then
used by nls to find the global/local minima.
The self-starting function used here was, SSlogis used for logistic models. There are a plethora of such
self-starting functions that are available for various kinds of models.
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3.5.3

Prognostics for Spall Fault

Spall fault prognostics can be done with the help of the constructed fault progression data.

Figure 45: Energy-based Thresholding for Spall Detection
According to our rule engine, anything with the energy of accelerometer signal above 38 m2/s4 would
be classified as a Spall kind of fault. This threshold was closed at around 60 seconds (as expected)
since spall started from the 60-second mark.
A limit of 67 m2/s4 was set as it could be seen that degradation speeds up drastically after that knee
point.
Since the graph looks fairly linear, one can proceed with linear regression in the area between 60 to 85
seconds without problems. (Figure 45)
Linear regression was used until the point where the energy will supposedly cross 67 m2/s4. A
regression line was plotted along with 95% confidence intervals. Higher and Lower time estimates
were also plotted as shown in Figure 54.
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4

RESULTS

This section goes through some of the results obtained by the following method explained in section 3
of the thesis. Some of the results are also compared with other public papers on the same data.

4.1

Diagnostic results

4.1.1

Spall Detection

Please Note that in Figure 46, the actuator starts out normally (indicated by green color). It encounters
a slight jam from the 30th second (Indicated by red). The jam lasts for another 30 seconds. Then at the
60th second, spall starts to occur (Indicated by Blue). It should also be noted that this was overlaid with
an orange curve which is only an intuitive scaled indicator about the severity of spall (Energy of
accelerometer signal) and doesn’t actually represent accelerometer vibration. It was added to just give
an idea of what’s going on behind the scenes.

Figure 46: Non-Spall to Spall Data
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The Truth table was shown in Table 3: Truth Table of Spall Diagnostics. The concept of Truth table
can be seen in Figure 47

True
Positive %

False
Negative %

False
Positive %

True
Negative %

Figure 47: Concept of Truth Table
Table 3: Truth Table of Spall Diagnostics
Predicted Class

Spall Detected

Spall Not Detected

True Class/
Data sample Spalled

Data sample not Spalled

4.1.2

ʹͶͺʹͳͲͲ
ൌ ͻͷǤͺͲͷ͵Ψ
ʹͷͻͳ͵
ͺͳͲͲ
ൌ ͲǤͳͷͺͺͳΨ
ͷͳͻͳ͵

ͳͲͺͷͳͲͲ
 ൌ ͶǤͳͻΨ
ʹͷͻͳ͵
ሺͷͳͻͳ͵ െ ͺሻͳͲͲ
 ൌ ͻͻǤͺ͵Ψ
ͷͳͻͳ͵

Nominal, Jam and PD state detection

Figure 48: Cell contents of all cells in a table with color code
Where N is a function of x and y,
It is the number of observations that satisfy both row x and column y.
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Here,
Class 1 = Nominal/Normal condition,
Class 2 = Jam Condition
Class 3 = Spall (is being excluded from this discussion as it is handled separately)
Class 4 = Position Condition

Table 4: Confusion Matrix for Low-frequency data classifier
| Predicted class
True Class

|

1 |

2 |

4 | Row Total

|

|

|

|

1 |

2020 |

4 |

0 |

|

0.998 |

0.002 |

0.000 |

|

0.956 |

0.002 |

0.000 |

|

0.420 |

0.001 |

0.000 |

|

|

|

|

2 |

94 |

2288 |

0 |

|

0.039 |

0.961 |

0.000 |

|

0.044 |

0.998 |

0.000 |

|

0.020 |

0.476 |

0.000 |

|

|

|

|

4 |

0 |

0 |

401 |

|

0.000 |

0.000 |

1.000 |

|

0.000 |

0.000 |

1.000 |

|

0.000 |

0.000 |

0.083 |

|

|

|

|

Column Total |

2114 |

2292 |

401 |

|

0.440 |

0.477 |

0.083 |

2024

2382

401

4807

From the Confusion Matrix above it can be seen that,
When True Class and k-NN predicted class are same i.e. along the diagonal of the matrix
x

N(1,1) gives us total number of correct predictions

x

N (1, 1)/ Row Total (1), give us a number or ratio expressed as a fraction of 1. It can be
multiplied by 100 to find True positive percentages. Similarly N (2, 2)/ Row Total (2) and
N (4, 4)/ Row Total (4), give us other true positives of other classes.

To calculate False Positive, it must be seen how many numbers of samples are being classified as a
fault ‘X’ to be present when in reality fault ‘X’ is not present.
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So from the confusion matrix in
Table 4: Confusion Matrix for Low-frequency data classifier one can say combined True
positive % of the classifier was
N x 100/Row Total

True Positive in case of normal condition =

ଶଶ
ͳͲͲ
ଶଶସ

ൌ ͻͻǤͺΨ

ଶଶ଼଼

True Positive in case of jam= ଶଷ଼ଶ ͳͲͲ ൌ ͻǤͳΨ
True Positive in case of position dead =

False Positive in case of jam =

ସ୶ଵ
ଶଶସ

ସଵ
ͳͲͲ
ସଵ

ൌ ͳͲͲΨ

= 0.198 %

False Positive in case of Nominal condition =

ଽସ୶ଵ
ଶଵଵସ

= 4.45 %
୶ଵ

False Positive in the case of Position Dead condition = ଶଶସାଶଷ଼ଶ= 0 %
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4.2

Prognostics results

4.2.1

Jam Prognostics

Figure 49: TTF for Jam case with 2500 training samples.
From Figure 49, it can be noted that cyan represents the number of samples that were initially used in
order to estimate the sigmoid of which the temperature was a part of. The longer the wait, the better
the sigmoid predictions become however the lesser useful the prognostic engine becomes. A balance
between giving exact Time to failure and having sufficient time horizon is required.
After the initial samples (in cyan) paved a way to estimate a sigmoid, the sigmoid from that time
onwards all the way till it reaches 85 degrees centigrade and estimates the Time to failure is drawn
accordingly. If 2500 samples were used for initial phase and tune the prognostic module, the following
was received as output.
Estimated Time to Failure= 56.88 (s),
TRUE Time to Failure = 56.52 (s),
Difference of Time to Failures = -0.36 (s)
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Similarly using just 1800 samples, one can get the below result.

Figure 50: TTF for Jam case with 1800 training samples.

Estimated Time to Failure= 74.1 (s),
TRUE Time to Failure = 70.52 (s),
Difference of Time to Failures = -3.58 (s)
NOTE: One would get less and less difference in Time to failures i.e. better predictions the more
samples are used.

With a different kind of Motor X Temperature profile without the long and obvious Asymptote at 85
degrees, like in Figure 51
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Figure 51: Motor X Temperature on a different day
On using 1700 samples to train the sigmoid parameters one can get Figure 52

Figure 52: Prognostics of Motor X Temperature on a different day with starting 1700 sample
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And it was found out that,
Estimated Time to Failure= 16.12 (s),
TRUE Time to Failure = 28.56 (s),
The difference of Time to Failures = 12.44 (s)

Figure 53: Prognostics of Motor X Temperature on a different day with starting 1900 samples
Now in Figure 53, it can be seen that the sigmoid starts to resemble the Motor X Temperature profile
much more closely.
Estimated Time to Failure= 26.02 (s),
TRUE Time to Failure = 20.56 (s),
The difference of Time to Failures = -5.46 (s)
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4.2.2

Spall Prognostics

With the help of the constructed Run to Failure Spall data, one can now showcase the results as in
Figure 54.

Figure 54: Spall Prognostics with 4350 samples

The TTF of the system was 18.65146 (s)
Most expected estimate it was 20.00312 (s)
Lower time estimate at = 19.94715 (s)
Higher time estimate at = 20.05941 (s)
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If a smaller time horizon was chosen for starting the prognostic engine the plot obtained would look
like in Figure 55.

Figure 55: Spall Prognostics with 2350 samples
The TTF of the system = 20.95146 (s)
Most expected estimate = 12.51207 (s)
Lower time estimate at = 12.42168 (s)
Higher time estimate at = 12.60379 (s)
As one can see from Figure 55, the estimation is much poorer since the prognostic module had access
to only a few samples to extrapolate in time. However as more and more samples enter it; predictions
get better, as shown in Figure 54.
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5

ANALYSIS AND DISCUSSION

The purpose of this study was to look for ways in which tracking system/sub-system parameters
helped in ensuring a secure flight, decrease maintenance and operations cost. In section 4 it was shown
to be possible to detect faults and also predict time to failure which can help the ATC (Air Traffic
Controller) or the Pilot to take evasive action.
Example 1- If landing gear starts developing a fault, the pilot can be alarmed about the time till which
it can function before catastrophic failure. Subsequently, he can then engage Fuel dumping (or fuel
jettison) to lower aircraft weight to decrease the load on the landing gears to make a safe landing.
This was very important to note that the rule engine that was developed in order to set safe operating
limits may vary drastically fleet to fleet and also slightly flight to flight in a fleet. It was, therefore,
necessary to study the safe operating limits first, and then apply them to the algorithms developed to
get the diagnostic and prognostic output.
One can also notice how the predictions of prognostics became more accurate the more samples were
used to build the regression model as can be seen how Figure 49 and Figure 54 are much better
performing than Figure 50 and Figure 55. However, it was required to strike a balance between
sufficient prediction time horizon and the accuracy of the outcome.
In Figure 49 and Figure 50 it can be seen that the continuous red line marks when the model hits 84.25
degrees centigrade. This was lower than 85 degrees C prescribed by the rule engine. This threshold
was slightly lowered since it was better to give a slightly conservative answer. It can also be used as a
hyper-parameter in order to adjust the bias of predictions.
At NASA they did a similar study on EMA as discussed before. They used artificial neural networks
for the diagnostic part.
Their results along with comparison to the thesis’s results were as follows, (Please refer to section 4
for results)
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Table 5: Comparing results of 2 studies [6]
Accuracy

Other Public papers

Accuracy obtained in this thesis

Normal

99.25%

97.96%

Spall

100%

98.49%

Jam

66.67%

97.96%

Position Dead

NA

97.96%

Type of Fault

Please note that some of the accuracy percentages are lower than other published results because this
thesis was written to work with bare minimum sensors on board the aircraft. It was designed to work
with the most common sensors that are available in an aircraft to ensure instant deployment capability,
no overhead costs etc. Other public papers used all sensors to come to their diagnostic output, but this
thesis used a KNN with access to only 3 dimensions. As dimensions increase it becomes easier to
classify some points and hence increases the accuracy.
Also, note how the KNN was very successful at detecting Jam kind of fault and achieved a 31.29%
improvement over other public paper’s results.
With regards to Prognostics, both NASA’s original paper and this thesis did prognostics of Jam with
similar results with different methods. NASA’s authors had used Gaussian Process Regression for
prognostics. This thesis used non-linear regression and linear regression.
However this thesis also successfully handled the prognostics of spall fault which has not yet been
attempted yet and hence is a novelty.
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6

CONCLUSION AND FUTURE WORK

The work described herein is intended to develop prognostic health-management solutions for
electromechanical actuators (EMA). There are multiple PDHM problem-solving techniques have been
explored in this study. Even though there are several papers or literature published on same problem
and data, conscious effort was made in this study to create something original considering practical
aspect/constraint of system/subsystem design in aircraft system. Based on this study it is explored that
fully/partial functional PDHM module can be developed with the use of minimum on board sensors in
the system which is one of the main constraints from weight or reliability perspective in aircraft.
Keeping in mind above requirement/constraint, one of the conclusions made from this study that just
with 2-3 basic sensors it is possible to detect jam and spall faults for EMA. Following table is an
example of such a study done to make the overall solution more practical and acceptable.

Figure 56: Jam Fault Diagnostics and Sensor Requirement
In the above table, it is very clear that Motor X current and Nut X temperature are the key parameters.
However, if Nut X temperature is not available then with Motor X current and Motor X Temp can be
used with ~93% true positive rate. Likewise, spall failure can be diagnosed using acceleration derived
from Motor Speed sensor data in absence of vibration sensors in EMA. Thus Motor current,
temperature and speed sensors will be sufficient for diagnostics of Jam and Spall faults in EMA where
any additional sensors will add-up to more accuracy/confidence.
As mentioned in the previous section, here the study has been extended to prognostics
algorithm development unlike study much done in NASA paper [1]. The prognostic system, which
tracks progression of the fault once it has been detected and predicts the remaining useful life (RUL)
of the actuator, was demonstrated as well in this study. Unfortunately there is no run-to-failure data
available for any of the fault which is generally the case in real system as the data acquisition is
challenging during failure condition and also it is highly unsafe to wait until the system fail for data
collection. Hence most of the time, this run to failure data is generated in a lab test, however, it is
always better to create the failure data using data analysis methods like pattern repetition or non-linear
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regression. This method is fairly used in this work to create representative failure data for RUL
prediction in jam and spall conditions. Although a more rigorous validation procedure is required to
establish the confidence in the prediction; conversely, the current results already establish the potential
of the prognostic method for predicting fault progression in EMA.
Overall the concepts described here are tailored to EMA. Yet, it can be deployed for various
applications just by plugging in most critical inputs in respective modules and updating diagnostic and
prognostic engines accordingly.

6.1

Future Work

The entire EMA system can be modeled in Simulink or Simscape or any other equivalent tool. Then
faults can be injected into the system model to collect as much data as needed. Once a properly
developed and validated model is obtained, it can be used to make this study even more robust. But, it
won’t be easy since all the system parameters have to be fixed with trial and error since they were not
released by NASA.
Also, better Remaining Useful Life (RUL) estimation can be done once the model is
ready. Simulation of degradation in performance since the machine’s inception to its end of life can be
done. With that data, the RUL of the machine can be predicted. This analysis was also subject to
sensor noise, which can be eliminated with a computer system model. Tolerance can then be added to
the new Diagnostic and Prognostic module to make them better. Future work could include
investigation and comparison of other types of diagnostic and prognostic algorithms, the addition of
new faults in the flight environment. Some Fault tree analysis for further studies are shown in the
appendix (3)(4)(5) [2]
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APPENDIX
1) Data Source:
Data can be found in the link given below and is available for free download as of 8th August 2018.
https://c3.nasa.gov/dashlink/projects/45/resources/?type=ds

2)

Data use permission from NASA:
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3) Mechanical / Structural Fault Modes [2]
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4) Motor Fault Modes[2]
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5) Electrical/Electronic Faults[2]
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