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Abstract
Complex engineering systems are always working in harsh operating conditions. Internal wears and tears of such systems
can lead to catastrophic failures which affect system operation and endanger human lives in many cases. To avoid sudden
failures, continuous monitoring, fault diagnosis, and failure prognosis are required. Prognostics as a discipline plays the major
rule in impending failure prevention. Offline prognostics system focuses on maintenance and logistics operations whereas
online prognostics focuses onmaintaining safe operation. In a previous work we successfully developed an offline prognostics
system for aircraft turbofan engines’ remaining useful life (RUL) estimation. In this paper we will show how we used the
offline prognostics system as the baseline definition towards creating an online data-driven prognostics system to enable
informed real-time decisions.

Keywords Complex engineering systems · Condition based maintenance · Online prognostics · Prognostics and health
management · Soft computing

Introduction

omplex engineering systems usually operate in harsh opera-
tional and environmental conditions. By the time, the system
itself, subsystems, and components examine performance
degradation. This degradation is either due to internal wears
and tears during normal operation or due to fault progression.
In either case sudden failure could happen which implies to
total system loss and endangers human lives.

The main reason of sudden failures is that the diagnostics
system cannot catch fault progression. To avoid such failures,
the maintenance strategy needs to be changed from fail and
fix to predict and prevent [1]. In other words, instead of being
reactive to be proactive. Prognostics is the main driver to
proactivity [2].

Prognostics can be defined as a remaining useful life
(RUL) estimation process of system/subsystem/component
[3, 4].
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In the beginning of life (BoL), the system operates nor-
mally with its full health. When the system starts to degrade,
this can be considered as a trigger point to the prognostics
system. The prognostics system continues to operate and
performs RUL estimation at subsequent prediction points
Fig. 1.

Prognostics information can be used by the mission com-
mander to perform the required actions such as mission
replanning, resources allocation, and system reconfiguration.

Figure 2 these actions can extend the RUL of the system
to complete the mission safely [5]. In the same time, prog-
nostics information is the main driver for condition-based
maintenance (CBM) [6].

To develop a prognostics system for RUL estimation, one
of the following methods can be used [7, 8]:

– Physics-based approach.
– Data-driven approach.

In the physics-based approach a physicalmodel of the sys-
tem is developed. This physical model is formed from math-
ematical equations that represent degradation phenomenon
and failure modes. The physics-based prognostics requires
complete domain knowledge which is hard to find especially
for complex systems.
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Fig. 1 RUL estimation at different prediction points

Data-driven prognostics uses historical data of perfor-
mance and operational system parameters to create a model
that links these parameters to system degradation for RUL
estimation. Data-driven prognostics approach requires mas-
sive amount of historical data about system run in both
normal and faulty modes of operations which is difficult to
be obtained. But once the data is obtained, the creation of
this model can be done easily.

Physics-based prognostics is preferred in online applica-
tions because of its high computational performance as well
as prediction accuracy [9, 10]. However, it is too difficult,
time consuming, and expensive to develop a physical model
for complex systems. Even if the model is developed, it will
not be accurate enough due to assumptions and simplification
during the development process.

On the other hand, data-driven prognostics is cheap,
accurate, and can be developed fast [3]. Although, it is com-

putationally intensive which makes it suitable for offline
prognostics applications.

Development of a robust data-driven prognostics system
that deals with a huge amount of multivariate noisy data to
perform accurate RUL estimation online is a big chall enge.
But once this system is developed, it will make a paradigm
shift in prognostics systems’ development and deployment.
In the same time, it will speed up prognostics maturation to
increase its technology readiness level for onboard deploy-
ment as needed by the prognostics and health management
(PHM) community [11].

In a previous work [12] we developed an offline prognos-
tics system for RUL estimation of aircraft turbofan engines.
In this study we complement the previous work to design,
develop, and implement an online prognostics system based
on data-driven approach.

RUL estimation using data-driven prognostics approach
can be performed directly from the multivariate performance
and operational parameters. Another way of data-driven
methodology for RUL estimation is to predict system health
state first then extrapolate/project the damage progression till
end of life (EoL) [13]. We adopted the later way in our work
because it is more descriptive from the engineering point of
view.

Data analysis

The data used for both offline and online prognostics system
developments is the turbofan engines’ data from prognostics
center of excellence data repository (PCoE), NASA [14]. The
data is composed of two datasets: training and testing. Each
dataset contains data about 218 turbofan engines’ operational
and performance parameters. Each engine in the training
dataset has a complete run from BoL to EoL, whereas in
test dataset the engine run is stopped before it reaches its
EoL.

Fig. 2 Prognostics in the decision-making process
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Fig. 3 Snapshot of the turbofan
engines data

Fig. 4 Sensor measurements for sensors S9, S12, S13, and S14

The data composed of three-operational parameters and
twenty-one performance parameters Fig. 3. There is no given
index about health state (health index HI) so; it needs to be
inferred from the aggregation of the given parameters.

Data analysis [12, 15–18] clarified that the data has the
following characteristics:

– Operational parameters from sensors S1 through S21 are
very noisy Fig. 4.

– Data is clustered into six operating regimes based on the
three-operational settings Fig. 5.

– Sensor readings can be categorized into three types:
monotonic readings, continuous inconsistent readings, and
discrete readings Fig. 6.

Fig. 5 Six operating regimes

Offline prognostics system

Offline prognostics systems are usually used in fleet wide
health management. It can be considered as the main source
of information to enable CBM instead of regular reactive
or scheduled maintenance. Offline decisions are used for
maintenance planning and logistic support. The offline prog-
nostics systems do not have the time criticality and do not
have to work in real-time [19]. So, it can be performed on
computers with plenty of resources.

Data-driven prognostics is very suitable for offline appli-
cations which perform heavy computational tasks and do not
have any computational resources restrictions.
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Fig. 6 Sensor readings, a continuous inconsistent, b discrete, c mono-
tonic

In a previous study we developed an offline prognostics
system for RUL estimation of aircraft turbofan engines [12].

The offline prognostics system Fig. 7. Takes the oper-
ational and performance parameters as an input to a

well-trained neural network for HI prediction. The pre-
dicted health indices (HIs) are then smoothed by sim-
ple moving average technique. Polynomial curve fitting is
performed using the smoothed HIs. Extrapolation of HI
using the obtained polynomial equation is performed until
HI reaches its minimum value (HI�0). The RUL esti-
mation is calculated by subtraction of the time cycle at
the beginning of prediction from the time cycle at the
EoL.

PCoE training dataset is used for system training whereas
test dataset is used for system test and RUL estimation.

The offline prognostics system is divided into three parts:
data preprocessing, neural networks training, and RUL esti-
mation (testing).

Data preprocessing

In this part the training dataset is prepared for neural network
training. The following tasks are performed:

– Features extraction for sensors that has monotonic trend
S2, S3, S4, S7, S11, S12, S15, S20, and S21. Only these
features are used for regression models development to
infer HI. The other features are excluded.

– Performance assessment and data reduction are performed
by setting HI�1 for early cycles (fully healthy engine)
in engine run and 0 for late cycles (failed engine) [20].
Other cycles are excluded from data. This creates a sample
set that contains the nine selected sensor readings and the
equivalent HI for the selected cycles.

– Data is partitioned into six operating regimes using oper-
ating regime partitioning based on the operational settings
[21]. This creates six subsets each of them represents dif-
ferent operating regime.

– Six regression models are created based on linear least
square method (1). Each model describes the relation
between sensor readings and HI. Six features out of the
nine are used because they show high correlation with HI
(S2, S3, S4, S11, S12, and S15).

y �∝ +
N∑

i�1

βi xi + ε, (1)

where y represents HI (dependent parameter), x1, x2, …,
xN are features for sensor readings (N dimensional vector
for independent parameters), in our case N �6, (α, β)�
(α, β1, β2, …, βN ) are N +1 model parameters, and ε is
the noise term.

– The six regression models developed in the previous step
are applied to every cycle in the training dataset (no data
reduction) to infer HI.

– After HI inference, new features are extracted for neural
network training.Operational settings,Monotonic sensors,
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Fig. 7 Offline prognostics system

and continuous inconsistent features are selected (S2, S3,
S4, S7, S8, S9, S11, S12, S13, S14, S15, S20, and S21).

– Data normalization and smoothing are performed in order
to enhance neural network input to improve its perfor-
mance.

Engines data is time series that requires dynamic neural
network to deal with. Having said that, it is better to find a
way to use static network to deal with dynamic data to sim-
plify the system. To that end, six new features are invented.
The six new features are called historical engine run indica-
tors (HERIs) Fig. 8. HERIs are features account for number
of runs for the engine in the operating regime. HERIs give
information to the selected static multilayer perceptron neu-
ral network (MLPNN) about the history of engine run in the

equivalent operating regime. This eliminates the need to use
a dynamic network.

Neural network training

The input data to the MLPNN is composed of the three-
operational settings, thirteen sensors, and the six HERIs. The
target data are the inferred HI by the regression models.

The MLPNN has 22 inputs, 20 nodes in the only hid-
den layer with tan sigmoid transfer function, and single
node in the output layer with linear transfer function. The
network is trained by back propagation using “Levenberg—
Marquardt” method. The best training results are: correlation
coefficient.

R �0.98783 and mean square error MSE�0.00171 after
30 epochs.
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Fig. 8 HERI for engine 2 in the training dataset

Now we have a trained MLPNN that can predict HI from
both operational and performance engines’ parameters.

Remaining useful life estimation (testing)

In this part of the system, the testing dataset is used for RUL
estimation. The same data preprocessing steps applied for the
training data are also applied for the test dataset such as fea-
tures extraction, normalization, sensor readings smoothing,
and HERIs calculation.

The preprocessed data are inputted to the trainedMLPNN
to predict HI for each cycle for each engine in the test dataset.
The predicted HIs by the MLPNN are noisy and need to
be smoothed before curve fitting. The predicted HI data are
smoothed using simple moving average. Polynomial curve
fitting is applied for the smoothed HI. The obtained poly-
nomial equations (one equation for each engine in the test
dataset, i.e., 218 different polynomial equations, one for each
engine) are used for HI curve extrapolation. The extrapolated
curve intersectswith the x-axis, i.e., whenHI�0. TheRUL is
calculated by subtracting the cycle number at the prediction
point tp from cycle number at EoL tEoL (2).

RUL � tEoL − tp (2)

Figure 9 shows the predicted HI by the MLPNN, the
smoothed HI, and the polynomial fit that is used for extrap-
olation for engines 2 and 22 in the test dataset.

The RUL estimation for all engines in the test dataset
is evaluated using the PHM08 evaluation function [4]. The
score is compared to the top twenty scores in the PHM08
data challenge competition and can be placed in the fifteenth
position.

Fig. 9 Remaining useful life estimation

Results from the previously discussed offline prognostics
system are great. However, it cannot be used for online appli-
cations for the following reasons:

– Computationally intensive and cannot be used with the
limited onboard resources.

– Test dataset does not contain HI ground truth data that can
be used for online RUL estimation evaluation.

– Techniques such as moving average, curve fitting, and
extrapolation require massive amount of memory with
respect to the available onboard memory.

– Online time criticality requires RUL estimation update
each single or few cycles which is not the case in the offline
applications.

In the following section we will show how did we benefit
from the developed offline prognostics system and build a
data-driven prognostics system that can be used online. This
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Fig. 10 Online prognostics
system

prognostics system can be implemented onboard and works
in real-time environment.

Online prognostics system

Online actions are time critical andmust be taken in real-time
[22]. Online prognostics systems give the required informa-
tion to the mission commander about the anticipated failure
time. The decision maker should do the required counter-
actions to avoid failures and assure safe operation. Online
prognostics systems must be robust, simple, work in real-
time, implemented onboard, and do not consume too much
computational resources.

To that end, we designed and developed an online prog-
nostics system based on data-driven approach. In addition,
we implemented this system on a single board computer to
make sure of its online applicability.

The data used for system training and testing is the train-
ing dataset set from PCoE data [14]. The training dataset is
subdivided into two subsets; one for system training (150
engines) and one for testing (68 engines).

System description

The online prognostics system Fig. 10. Is composed of two
main modules offline and online modules. The offline mod-
ule concerns about heavy computational tasks that cannot be
performed onboard such as data preprocessing and system
training. These tasks are not needed onboard because there
is no online system training. The online part runs onboard
and uses the trained techniques for RUL estimation in real-

time. The online module is implemented on the single board
computer.

As long as the decision is made for the system to be imple-
mented onboard and run in real-time, the used techniques
must be selected carefully and connected together in a way
to achieve this goal.

To this end, the following is performed:
Static neural network is used instead of dynamic network

for HI prediction with added HERIs to boost the computa-
tional process.

In the online systemwe do not use curve fitting and extrap-
olation as we did in offline system because they require
storage of huge amount of data. In the same time, they
are computationally intensive which cannot be done each
cycle or few cycles as needed in online prognostics. Instead,
we apply the projection concept using another static neural
network which requires only 10 HI points to forecast the
subsequent HI.

We replaced the HI smoothing method used in the offline
system (simple moving average) by the recursive Kalman
filter (KF) estimator [23]. KF is recommended for online
applications because it’s recursive nature that does not
require to save historical data in memory [24, 25]. We also
benefit from KF to combine the HI prediction output from
MLPNN with the KF model output and achieve more accu-
rate HI prediction as we will discuss latter.

Offline (offboard) module

As mentioned above, in this module the heavy com-
putational training tasks are performed. The output from
this module is two static neural networks. We named these
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Fig. 11 Inferred HI ground truth data for 2 engines, a Unsmoothed HI,
b Smoothed HI using KF

Table 1 Neural networks training results

Network Epochs MSE R

MLPNN_I 244 0.0037712 0.97091

MLPNN_P 15 0.00011247 0.97091

networks as MLPNN_I and MLPNN_P. The MLPNN_I is
trained to infer the current health state from aggregation of
operational and performance parameters as well as HERIs
based on the operating regime. The MLPNN_P is intended
to use the last inferred HIs by MLPNN_I combined with
KF (specifically last 10 HIs) and project them into future to
forecast the subsequent HI.

To benefit from the predeveloped offline prognostics sys-
tem, some of the used data preprocessing steps are applied
to the training data. These steps are feature extraction, per-
formance assessment, and operating regime partitioning as
well as regression models development to calculate the HI
ground truth data. Additionally, we applied KF to smooth the
calculated HIs Fig. 11.

The final smoothed HI is used as follow:

– Target data for the MLPNN_I which its input data is the
operational and performance parameters as well as HERIs.

– Reformed to be ten HIs as inputs and the eleventh as target
data for MLPNN_P training.

After data preparation MLPNN_I and MLPNN_P are
trained using “Levenberg–Marquardt” back propagation
method.

The training results are shown in Table 1.

Online (onboard) module

Thismodule is the system part (algorithm) that will be imple-
mented onboard and should work in real-time. This module
takes the sensor readings about engine performance and oper-
ating conditions from the data acquisition system. Based on
the operational settings, the algorithm identified the operat-
ing regime. The HERI for the detected regime is increased
by one. The operational and performance parameters as well
as the six HERIs are imputed to the trained MLPNN_I. The
MLPNN_I predicts the current system health state HI. In
the same time, the KF predicts current HI based on its state
estimation model. In the KF update step, it uses the HI cal-
culated by MLPNN_I as a measurement to update the HI
predicted by its model. Then, a corrected version of HI is
calculated. This correctedHI has higher accuracy and preces-
sion than either HI calculated by KF state estimation model
or MLPNN_I.

In the early part of system life, there is no need to do
RUL estimation because the system does not suffer from
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Fig. 12 RUL estimation at different time steps. a Output from KF and
MLPNN_I before t �100, b RUL estimation using MLPNN_P at t
�100, c RUL estimation at t �105, d RUL estimation at t �165, e

RUL estimation at t �295, f failure criteria is met and RUL estimation
stopped, g RUL estimation at all time steps
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Table 2 Online prognostics
system performance evaluation

Prediction performance

Mean squared error (MSE) Average Bias

Global All engines Global All Engines

0.0043786 From 0.0017 to 0.0254 0.0217 From − 0.1124 to
0.1321

Computational performance

RAM usage Execution time (RUL�
173)

Execution time (RUL�
1)

Footprint

304 KBytes 7 ms 0.08 ms 80 KBytes

any degradation. As degradation starts the RUL estimation
process must be instantly executed. In this study an arbitrary
time point t �100 is set at which RUL estimation starts.
The selection of t �100 is obtained from data analysis. Data
analysis showed that most of engines starts to degrades in a
point near t �100.

When the system reaches the specified time point (t �
100), the RUL estimation starts. The MLPNN_P takes the
last ten HIs to forecast the subsequent HI then get rid of the
first HI from the previous ten. The MLPNN_P uses the new
ten HIs to forecast the subsequent HI and again get rid of
the first point. The process is repeated until HI reaches the
failure criteria. The failure criteria in this case are HI<0.15.
The RUL is calculated by subtracting the time index at the
prediction point from the time index when the engine fails
and reaches the failure criteria.

To achieve real-time performance, the process from sen-
sors data acquisition to RUL estimation must be completed
before the next readings are acquired, i.e., in a time smaller
than sensors polling time.

After RUL estimation, the system takes the new sensor
readings and repeats the whole process to update the RUL
estimation.

In this study engines are only monitored and RUL esti-
mation is performed till EoL to test the prognostics system
performance. In real settings, the decision maker should take
the prognostics information (HI and RUL) to perform the
required adjustment to avoid engine failure.

Figure 12 shows step by step operation of the online part
of the system described above.

To prove that the system can work online on aircraft
onboard computer, the online module should be imple-
mented on a computer similar in specifications to the existing
onboard computers. To this end, the online part is imple-
mented on Raspberry Pi single board computer [26].

We consider our implementation to be platform indepen-
dent and benefit from the internet of things (IoT) technology
in the same time. So, the system is implemented as a universal
windows platform (UWP) application.

Implementation of the prognostics systemas aUWPappli-
cation makes it easy to move across many devices such as
tablets, PCs, mobiles, and single board computers.

The implementation is performed using Microsoft visual
studio 2015 and coded in C++. The operating environment
is Windows 10 IoT core which is a UWP used specifically
for smaller and lower cost industry devices.

Results and discussion

To make sure that the system gives confident results and
works in real-time, evaluationmetrics must be applied.Mean
squared error (MSE) and average bias (B) are used to evaluate
RUL estimation results.

MSE and average bias evaluate the accuracy of the system
results with respect to the ground truth data for each engine
and globally for the whole engines. Average bias specifically
has a very important meaning in prognostics applications. In
prognostics, positively biased system is much preferred than
negatively biased one. Positive bias means that the estimated
RUL is less than the actual one so the decision can be made
earlier. In contrast, negative bias is the opposite and can lead
to failure before counteraction is taken.

Computational performance is also measured while the
system runs onboard.

Global system and single engine RUL estimation MSE is
governed by (3) and (4), respectively.

MSE(i) � 1

L

L∑

l�1

�l (i)2, (3)

where L is the number of all engines, l is the number of the
specific engine, �l (i) is the error in RUL estimation for lth

engine at tp � i, tp is the time instant when the first RUL
prediction is made, and�l(i) � rl∗(i)−rl (i) *… defines the
notion of ground truth data.

MSE(l) � 1

�t

tEOP∑

i�tp

�l (i)2 (4)
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where tEOP is the end of prediction time, �t � tEOP − tp +1
MSE range is (0, ∞), and the perfect result�0.
Global system and single engine RUL estimation average

bias is governed by (5) and (6), respectively.

Bi �
∑L

l�1

{
�l (i)

}

L
(5)

Bl �
∑tEOP

i�tp

{
�l (i)

}

t
(6)

The average bias range is (− ∞, ∞), and the perfect
result�0.

The system results evaluated for each engine selected for
test as well as globally for all engines. System footprint,
dynamic RAM usage, and execution time are measured to
evaluate the computational performance. Results are shown
in Table 2.

From the above results we can conclude the following:

– System prediction accuracy based on the used evaluation
metrics (MSE and average bias) is very high globally and
separately for each single engine.

– The results are very close to the perfect result�0.
– System is positively biased which is preferred in prognos-
tics application.

– System foot print and RAM usage are very small.
– Execution time shows that the system is calculating RUL
a way faster than the polling time of sensors which is in
common approximately 70 ms.

– Execution time proofs the real-time performance of the
system. The other computational performances metrics
shows the ability to implement this system onboard.

The above results proofs that the objective from this study
is obtained which is to develop robust and accurate online
prognostics system based on data-driven approach that can
be implemented onboard and works in real-time settings.

Conclusion

In this study we intended to benefit from a predeveloped
offline data-driven prognostics system and introduce an
online prognostics system. The online prognostics system
presented here is based on data-driven approach which is a
big challenge because of the limited onboard resources.

Real-time performance, system complexity, computa-
tional resources reduction, as well as platform independent
are all requirements and constraints faced during the pro-
posed online prognostics system development lifecycle.

To deal with this challenge, static neural networks are
suited to be used with time series data instead of dynamic
networks and achieve high accuracy results with minimum

onboard resources. A recursive estimator method (Kalman
Filter) is used instead of normal filtrationmethod for the same
reason. Projection of HI instead of traditional mathematical
extrapolation methods is used as well.

The output from the proposed online prognostics system
is accurate and works in real-time which allows the decision
maker to take informed onboard decisions on time to deal
with fault progression and avoid impending failures to assure
safe and reliable operation.
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