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Abstract. The continuous growth of complexity in aerospace systems is making
it increasingly difficult to analyze and process information from sensors in pro-
pulsion systems in real-time to obtain a good model for predicting failures in
aviation turbofan units. In this work, a model of Neural Networks with deep
learning to predict the Remaining Useful Life (RUL) in aerospace propulsion
systems is proposed. Specifically, a Turbofan (jet or turbojet engine) and its set
of sensors are analyzed to represent and mathematically predict the evolution of
the failure state and engine degradation. A data set from NASA (National Aero-
nautics and Space Administration) has been used, found in the NASA Prognos-
tics Center of Excellence (PCoE) repository at the Ames Research Center. This
data set has been generated with the Commercial Modular Aero-Propulsion Sys-
tem Simulation (C-MAPSS) software, which is a dynamic model created by this
institution. In addition, the TensorFlow platform has been used to program pre-
processing, analysis, and create a Deep Learning model. The importance of this
model goes beyond its usefulness in the aerospace industry, since the main func-
tions of a gas turbine such as air compression, combustion, and energy recovery,
allow these systems to be used for multiple purposes; therefore, this model can
be replicated in gas turbines in other industries such as thermoelectric plants,
petrochemical plants, in propulsion in the military and maritime industries, and
in cargo ships.

Keywords: Remaining Useful Life (RUL), Long Short-Term Memory (LSTM),
flight envelope.

1 Introduction
1.1 Background

In Artificial Intelligence, machine learning and deep learning can automatically learn
hierarchical representations of data on a large scale, which makes these, effective tools
for failure prediction applications within predictive maintenance, especially in the pres-
ence of industrial multidimensional and high-volume data. Traditional data-driven
mathematical strategies require manual feature extraction and specific feature selection
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processes, which is highly dependent on programmers' experience and knowledge of
signal processing in electronics [12]. Furthermore, aviation systems currently send in-
formation directly from fuselage sensors to Electronic Flight Instruments (EFI), and
these instruments only evaluate the information from the sensors within a predeter-
mined range, that is, they do not analyze correlation information or patterns between
the different dimensions to implement multivariate analysis in real time and predict
effectively.

Conventional frameworks cannot be updated in real time and require a lot of work
when dealing with large-scale data sets. In comparison, a deep learning algorithm
makes it possible to integrate tasks such as feature extraction, feature selection, and
regression into a dynamic, hybrid architecture, making automation of such complex
predictions ideal for these systems. There are ongoing Aerospace Hardware product
development efforts in the industry where it is possible to implement the model pro-
posed in this work.

1.2 Aerospace Propulsion Systems

Propulsion by gas exhaust (or jet propulsion) can be defined as the force that is gener-
ated in the opposite direction to the expulsion of the gases. In a turbine engine, the
intake, compression, combustion, and exhaust functions take place in the same com-
bustion chamber.

Consequently, each of these functions must have an exclusive occupation of the
chamber during its respective part of the combustion cycle [9]. An important feature of
the gas turbine engine is that, in its design, separate sections are dedicated to each func-
tion, and all functions are performed simultaneously without interruption, hence the
need for intensive sensors monitoring [4].

2 NASA C-MAPSS Dataset Description

As mentioned previously in this work, a dataset created by NASA has been used, gen-
erated with the dynamic model of Simulation of Commercial Modular Aeropropulsion
Systems (C-MAPSS). The damage propagation modeling used to generate this syn-
thetic dataset builds on the modeling strategy from previous work and incorporates two
new levels of fidelity. First, considering the actual flight conditions recorded on board
of a commercial aircraft. Secondly, it extends the degradation model by relating the
degradation process to operation history [1].

The CMAPSS dynamic model is a high-fidelity computer model for the simulation
of a large and realistic commercial turbofan engine. A schematic representation of the
engine is shown in Figure 1, where many of the turbine sensors to be processed can be
observed. In addition to the thermodynamic model of the engine, the package includes
an atmospheric model capable of operating at altitudes from sea level to 40,000 feet,
Mach numbers from 0 to 0.90 and sea level temperatures from -60 to 103 degrees F.
The CMAPSS software also includes a power management system that allows the en-
gine to run in a wide range of thrust levels across the full range of flight conditions.
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Fig. 1. Schematic representation of C-MAPSS Model from NASA.

Table 1. Descriptor Variables of Flight Envelope.

Index Symbol Description Units
1 alt Altitude ft
2 Mach Flight Mach number -
3 TRA Throttle-resolver angle %

The NASA dataset provides synthetic run-to-failure degradation trajectories from
optimal turbine condition until failure for a small fleet, comprising nine turbofan en-
gines with unknown and different initial health conditions.

The actual flight conditions as they would be recorded on board a commercial aircraft
(also known as the operating mode) were taken as input for the C-MAPSS model. Table
1 presents the scenario descriptor variables that describe the flight conditions, which is
called Flight Envelope.

Within the NASA dataset, according to their structural and simulation analysis, con-
templates that the datasets consist of multiple multivariate time series. Each dataset is
in turn divided into training and testing subsets. Each time series comes from a different
engine, that is, the data can be considered to come from a fleet of engines of the same
type. Each engine starts with different degrees of initial degradation and manufacturing
variations unknown to the user. These degradations and variations are considered nor-
mal, that is, it is not considered a fault condition. There are three operating set-
tings/modes that have a substantial effect on engine performance. These adjustments
are also included in the data. The data is contaminated with sensor noise.

The engine runs normally at the beginning of each time series and begins to degrade
sometime during the series. In the training set, the degradation grows in magnitude until
a predefined threshold is reached beyond which it is not preferable to operate the motor.
In the test set, the time series ends some time before complete degradation. The objec-
tive is to predict the number of remaining operating cycles earlier in the test set, that is,
the number of operating cycles after the last cycle that the engine will continue to op-
erate normally.
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Table 2. Dataset variables description.

No Variable

1 Turbofan unit number
2 Time, in cycles

3 Operational setting 1
4 Operational setting 2
5 Operational setting 3
6 Sensor measurement 1
7 Sensor measurement 2
8 Sensor measurement 3
26 Sensor measurement 21

Fig. 2. Charts for all sensors of all turbofan units from cycle 1, until failure.

The data is provided by NASA as a compressed zip text file with 26 columns of
numbers, separated by spaces.

Table 2 represents the structure of the columns in the dataset.

The NASA datasets used were PHMO8 and the Turbofan Engine Degradation Simula-
tion Data Set.

The main characteristics of PHMO08 dataset are presented below:
—  Consists of 45,918 records

— Training dataset trajectories: 218 different turbofans where each one fails at a
different point.
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— Test dataset trajectories: 218 different turbofans where each one fails at a
different point.

As explained in the NASA repository instructions, the three operational settings
stated previously in this work are also included in the data.

To work with this data, the following Python libraries were used:

— TensorFlow, used for numerical calculation, for deep learning models.

—  SKLearn, used for machine learning.

— Pandas, used for numerical data analysis, whose function is to create a data frame
structure to be able to work with it.

—  Numpy, used for linear algebra.

— Matplotlib, used for graphics.

— mpl_toolkits, used for graphics.

Sensor’s selection process is critical to improve aircraft engine diagnostics [10].
During the first analysis of the dataset, it has been observed that the last two columns
are null data, so those columns have been removed from the data frame as a
first strategy.

After this, an array was created with the names of the columns of the dataset, to be able
to add them to the structure of the data frame, since the dataset comes as raw data,
without structure.
Next, descriptive statistics was applied in an exploratory analysis, and the most relevant
sensors were plotted against the RUL variable (the number of cycles remaining for the
turbofan to reach a failure state), where it can be observed that it starts at 357, which is
the greater number of cycles of a turbofan in the dataset, up to where RUL is 0. Some-
thing interesting to observe is the density of the graph at different times in cycles.

It can be observed that the X axis shows the RUL variable from the highest, which is
the maximum number of cycles (357), where there is less density in the graph due to
the existence of fewer sensors with many cycles, until failure (RUL = 0). After looking
at the behavior of all 21 sensors, 6 sensors behave with constant values during all cy-
cles, so the following sensors ['T2", "P2", "epr", "farB", "Nf_dmd”, "PCNfR_dmd"]
were then extracted from the dataset.

StandardScaler class from SkLearn Machine Learning library has been used to stand-
ardize the characteristics by eliminating the mean and scaling to the variance unity.
The standard result of a sample x is calculated as follows:

z=(x-u)/s, (D)

where u is the mean of the training samples or zero if with_mean = False, and s is the
standard deviation of the training samples or one if with_std = False.

3 Experiments and Creation of the Neural Network Model

In this work two hypotheses have been proposed that will be later supported with ex-
periments: (H1) An LSTM architecture is more powerful than a traditional multilayer
neural network when applied to multivariate time series prediction tasks, and when is
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included in an automated prediction framework such as the one in the present work, it
can outperform multivariate time series predictions on RUL prediction reference data
sets. The alternate hypothesis (H2) states that a traditional multilayer neural network
outperforms an LSTM architecture in multivariate time series predictions on RUL pre-
diction reference data sets.

For this type of problem, a deep recurrent neural network (RNN) is used to learn the
multivariate time series regression function. It is important to state three complex con-
ditions of the problem, which are the multiple operating conditions, the different oper-
ating behavior between sensors in terms of the range of parameter values, and the lack
of knowledge of the exact starting point of failure or degradation.

In recent years, deep recurrent neural networks (RNN) based on gated units such as
Long Short Term Memory [3] have been used successfully to model sequential data.
RNNSs have been shown to model the temporal (sequential) aspect of sensor data, as
well as capture inter-sensor dependencies. The RNNs have been used to model the be-
havior of motors as a function of time series of multiple sensors with applications for
the detection of anomalies and faults [5].

An LSTM unit maintains a cell state using an entry gate, a forget gate, and an exit
gate: at a given time step, the entry gate decides what should be added to the cell state,
the forget gate decides what should be removed from the state cell, and the output gate
decides what part of the cell state should be the output from the LSTM unit [2].

In the equations below, column vectors are denoted with lowercase in bold and matrices
with uppercase in bold. For a hidden layer with h LSTM units, the values for the input
gate i, the forget gate fi, the output gate o, the hidden state z;, and the state of cell c: at
time t are calculated using the input current x, previous hidden state zt.1, and cell state
ct1, where iy, fi, ot, z, and crare h-dimensional vectors with real values so that:

zt = f (xt, zt-1, ct-1), (D)

as indicated in the following equation [11]:
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where the time series goes through the following transformations iteratively in the /-th
hidden layer for t = 1 to T, where T is the length of the time series.

LSTM has the powerful ability to remove or add information to the state of the cell,
carefully regulated by these structures called gates [7]. Gates are a way to optionally
pass information. They are composed of a sigmoid neural network layer and a point
multiplication operation. The sigmoid layer generates numbers between zero and one,
which describes how much of each component should be allowed to pass. A value of
zero means "let nothing go", while a value of one means "let everything go." An LSTM
has three of these doors to protect and control the state of the cell [8].
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model = keras.Sequential([
keras.layers.Dense(24, activation=tf.nn.relu,
input_shape=(train_data.shape[1],)),
keras.layers.Dense(24, activation=tf.nn.relu),
keras.layers.Dense(24, activation=tf.nn.relu),
keras.layers.Dense(1l)

Fig. 3. First Neural model with a traditional Sequential Layer Dense layer.

model = tf.keras.Sequential()

normaliza =tf.keras.layers.experimental.preprocessing.Normalization()
normaliza.adapt(train_x)

model.add(normaliza)

model.add(tf.keras.layers.LSTM(32, return_sequences=True))
model.add(tf.keras.layers.LSTM(32))

model.add(tf.keras.layers.Dense(1))

model.add(tf.keras.layers.Lambda(lambda x: x * 206))
1r_schedule = tf.keras.callbacks.LearningRateScheduler(lambda epoch: le-8 * 10**{epoch / 20))

optimizer = tf.keras.optimizers.SGD(learning rate=le+8, momentum=0.9)
model.compile(loss=tf.keras.losses.Huber(), optimizer=optimizer,metrics=[tf.keras.metrics.RootMeanSquaredError()])

Fig. 4. Second Neural model with 2 LSTM layers of 32 nodes and a Dense layer

To compile a model in keras with TensorFlow, an optimizer (keras.optimizers) has
to be chosen, and for this model, Stochastic Gradient Descent (SGD, or gradient de-
scent) has been selected, whose implementation has been widely used in the past with
great success in many other projects. This is a first-order iterative optimization algo-
rithm for finding a local minimum of a differentiable function. The goal is to take small
steps repetitively in the direction opposite to the gradient of the function at the current
point, because this is assumed to be the direction of the fastest and deepest descent.

This is done until a local minimum is found.

For the loss function, Huber Loss has been chosen, which is the combination of the
Gaussian loss function and the Laplace loss function, but it has better performance than
the Gaussian loss function. The Huber Loss function is less sensitive to outliers in the
data than the squared error loss function. It is also differentiable at 0. It is basically an
absolute error, which becomes quadratic when the error is small. How small that error
must be to be quadratic depends on a hyperparameter, & (delta), which can be adjusted
in code. The Huber function gets closer to MSE when § ~ 0 and MAE when & ~ oo, with
large numbers [6].

In this first Neural model, a Sequential traditional Neural Network was implemented,
which is a linear stack of layers in the network. This network configuration (as shown
in figure 3) has 1,873 parameters with 4 Dense layers. The result of this simple neural
network was very far from optimal, with a result of a loss of 66.45 and an RMSE of
73.21. These results will be kept to work with our hypothesis H1 and H2.

The next step was to build the second network, an LTSM Recurrent Neural Network.

RMSE is in terms of the same units as the dependent variable, in this case, our RUL
[14]. This means that there is no absolute good or bad threshold, however it can be
defined based on its dependent variable. In this way, theoretical statements about
RMSE levels can be made if what is expected of the independent variable in the field
of research is already known.

ISSN 1870-4069 11 Research in Computing Science 151(3), 2022



Jose Nava, Alberto Ochoa

Fig. 5. Plot of RUL of the training data Vs the prediction of the model (left) and Plot of the result
of the test data (data that the model has never seen) Vs the prediction of the model (right).

As can be noticed in the code, the model consists of 5 layers, of which 2 are LSTM, a
normal layer (Dense), and the output layer, where the output by the mean RUL which
is 206 (the mean of the descriptive statistics of the train_FDO001 dataset cycles) are
multiplied through a lambda function.

TensorFlow's powerful callbacks tool has been used, which provides a great degree of
control in many aspects of the model, i.e., which has the advantage of the ability to stop
training with this functionality when an expected efficiency is reached, and thus, gen-
erating an optimal strategy for the neural model is possible.

By calling to the summary() function, it can be observed that the total number of
parameters is 14,398 divided into the 5 layers of the neural network.

The main strategy in this model is to use the LearningRateScheduler() function
(from tf.keras.callbacks) in the first training of this model to move the learning rate in
each epoch, adding a callback to move this learning rate. This will be called in the
callback at the end of each epoch. What this does is change the learning rate to a value
based on the epoch number. So, in epoch 1, it's 1 times 10 to the -8, times 10 to the 1
in 20. And when the epoch 100 is reached, it will be 1 times 10 to the -8, times 10 to
the 5, and so on, and that is 100 over 20. This will happen in every callback because it
is set in the callback parameter of the function. An advantage of this strategy is that at
the end of the execution, a chart of loss Vs epochs and another chart of loss Vs learning
rate can be created. These charts will provide extremely important information about
what happens in each epoch and in each step of the training. The fit() function
(model.fit) is called, where the strategy is training by 100 epochs in order to later visu-
ally analyze the behavior of the learning rate through the epochs. Callbacks is also im-
plemented, to call Ir_schedule as explained above.

Even though the result of the first training ended with a final loss or loss of 42.4795
and an RMSE of 53.2980, it can be observed an incremental trend in the previous graph,
although there are also anomalous data that that can be attributed to the type of problem,
where there is an infinite number of factors that can produce a great number of anom-
alous data in the sensors of a turbofan.

To know how much the model fits, the Coefficient of Determination (also called R2,
or R squared) is now calculated, which is the proportion of variance (%) in the depend-
ent variable that can be explained by the independent variable [13]. This shows how
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Fig. 6. Charts for Loss Vs Epochs (left) and Loss Vs Learning Rate (right).

Fig. 7. Plotting two red straight lines on our Loss Vs Learning Rate graph (left) and Plot of RUL
of our training data Vs the prediction of our model after updating the learning rate and using
myCallback and on_epoch_end (right).

close the data is to the fitted regression line. The model output with the test data (which
the model has never seen) was -0.602 of R2, which states that the model needs to be im-
proved.

This result when calculating RMSE was 52.60, this means that on average there
could be a deviation of the RUL result of 52.60 units up or down. Now observing what
the model did in each epoch is needed, and how the loss changed during the training.
For doing this, Loss Vs epochs is plotted, and with this a notion of what was happening
with the loss will be revealed, if it was going down and if it behaved erratically at some
point, in order to adjust our variables at the right moment. The history variable is used,
which is created by assigning the history of the call to the model.fit() function, thanks
to history, access to all the information about what was happening at each moment in
our training is possible.

Having this information on how loss has behaved during the epochs, it can be ob-
served that it was going well during the first 50 epochs, when the loss variable began
to rise, which was not efficient at all. Next step is looking at the chart of the right, Loss
Vs Learning Rate, to get more information about the behavior of the learning rate and
see if making a decision with this information is possible.

By visually observing in the graph at which moment the loss variable begins to have
an erratic increasing behavior, the learning rate of the exact moment where this changes
took place can be observed, to use it as the initial learning rate in Gradient Descent and
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Fig. 8. Charts for Loss Vs Epochs (left) and Loss Vs Learning Rate (right).

run the whole model again. To do this, two red straight lines are drawn from the mo-
ment the learning rate began to behave erratically.

As can be seen in the previous chart, the learning rate 7 * 10 has been chosen to
use it in the second training and see how the model behaves, doing the same tests and
thus the same graphs after the training can be observed to be able to make
other decisions.

To prepare the second training, the learning rate scheduler is no longer needed, since
it has fulfilled its objective in the first training. In this training SGD will do its job, but
now with an optimal initial learning rate.

A class myCallback is now created, in which the function on_epoch_end() will be
defined, which will be in charge of stopping the training when RMSE reaches a target
value, in this case 0.5. This is done to avoid that the training passes through optimal
values and behaves erratically, returning to inefficient large values.

The call to the fit function (model.fit) can be executed next, but now, training for

500 epochs, as intensive training, and also calling callbacks function is needed (to my-
Callback class), to stop the training when reaching an RMSE less than 0.5.
When the model was executed again with model.fit using the new strategy, the result
of the training with 500 epochs was a loss of 4.3183, which is quite good. But the
expectation was to see if a better value could be given, so another execution of 500
epochs was performed, this time with callbacks to stop when RMSE is less than 3.5
and loss is approximately 2.

This strategy worked pretty well, callbacks function helped so that the behavior of
the model did not raise the loss again, obtaining a final loss of 2.1686, which is much
better than the previous one.

The right image in figure 7 shows a perfect line in graphing the training RUL and
the result of the model predictions.

Next step was to observe how the model behaved with data that it had never seen,
after knowing that the behavior of the model with the training data has been optimal.

The behavior with the test data that the model had never seen was observed, and
with this, an R2 of 0.701 and an RMSE of 20.419 were reached. This result is quite
good for this type of neural models with time series.

As it was shown in previous runs, it was possible to observe what the model did in
each epoch and how the loss changed during training. And for this a graph of Loss Vs
epochs was created, and with this, a good insight of what was happening with the loss
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was provided, if it was going down and if it behaved erratically at some point, to adjust
our variables at the right time.

Analyzing Loss Vs Epochs chart can help to observe behaviors through the epochs in
training, the algorithm arrived at a Loss that tends close to zero, which is ideal for the
model, and analyzing Loss Vs Learning Rate graph provides information to conclude
that a model with which a model can reliably calculate RUL in turbofan units in the
aerospace industry was achieved.

4 Results of Experiments

H1 has been accepted when creating the models in figure 3 and figure 4 and iterating
through different strategies in each experiment. The traditional model in figure 3 threw
results very far from an optimal model and using LTSM neural network layers reached
an optimal model. H1 was accepted because when a traditional and sequential Neural
Network was used the loss result was 66.45 and RMSE was 73.21, and when using
LTSM the loss was 2.1686 and an RMSE of 3.5. H2 has been rejected when analyzing
these results.

5 Conclusions and Future Research

With the model and adjustments made in this work, optimal results for a model of this
type were achieved, where the main characteristic of the model is that the estimation of
the remaining useful life from data such as those of multiple sensors in a turbine, and
where this engine is it degrades through time, it can be considered as the learning of a
regression function, which maps a multivariate time series to a real value number. Chal-
lenges in the supervised learning-based approach have been highlighted, such as miss-
ing data in datasets, learning to estimate RUL values, sensor noise, anomalies due to
lack of knowledge of the beginning of engine degradation, and implementation of neu-
ral models with very large multivariate time series, dealing with multiple operating
conditions, etc. A solution strategy has been executed in the context of these challenges.

It is important to highlight that having such powerful tools as TensorFlow, Keras,
Numpy and Pandas provide the programmer with the ability to create strategies with
neural networks as powerful as observing the learning rate and loss during the epochs
in a visual way, generating great positive impacts on the artificial intelligence industry,
such as accelerating strategies to reach exponentially better results faster.

In the United States, in collaboration with NASA through multiple aviation con-
tracts, the company Ampaire, Inc. is validating the capabilities of electric aircrafts. Such
systems are starting to use RTOS operating system have the advantage of being really
"in real time" (which, so far, do not exist similar systems in aviation). Advanced avia-
tion systems such as Ampaire's, could be implementing their sensor strategy with a
microcontroller working with RTQOS, such as the product of the company Hover, Inc.,
which in partnership with the company Pinnacle Aerospace, Inc., have created the first
Hardware under RTOS for aviation systems, certified by the FAA. This type of systems
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could be adapted to work with turbofan units and could take advantage of high availa-
bility architectures for decision making in monitoring systems, where, besides the great
potential provided by Machine Learning solutions, they can implement a reliable ap-
proach in the sensor reading strategy that combines algorithms for reading sensors, pre-
processing data with inferential statistics, and producing a high decision-making capac-
ity, with less computing resources.
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