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Abstract—Prognostics and health management (PHM) is an
essential topic in the industry for asset health management and
monitoring the operational availability of these assets by using
their historical data, which consists of raw sensor measurements
and operational settings. However, due to the lack of accurate
models in most cases, there is a scope of improvement in the
field of asset health management and PHM. This paper proposes
a data-driven approach for prognostics using the combination
of Vector Auto-Regression Model and Long Short Term Mem-
ory(LSTM) Neural Network. There is no need of any prior
expertise on prognostics or signal processing due to ability of
Machine Learning (ML) algorithms to efficiently model complex
data, which facilitates the application of the proposed method.
To demonstrate the effectiveness of the proposed approach,
experiments are carried out on CMAPSS (Commercial Modular
AeroPropulsion System Simulation) dataset from NASA which
includes Run-to-Failure simulated data from turbofan jet engines.
Experimental evaluation shows that high prognostic accuracy on
the RUL estimation is achieved with proposed models.

Index Terms—Prognostics and Health Management, Remain-
ing Useful Life, Machine Learning, LSTM Neural Network,
CMAPSS dataset, Vector Auto-Regression.

I. INTRODUCTION

Prognostics and engineering maintenance plays a crucial role
in many industrial areas such as aerospace, manufacturing, au-
tomotive, etc. Also, for big cyber-physical systems, like power
grid, prognostics and health management (PHM) is a vital
aspect and very challenging because of the added dimension
of having equipment at distributed locations to maximize the
operational availability, reduction of maintenance costs and
improvement of system reliability and safety by monitoring
the facility conditions.

Remaining useful life (RUL) is the length of time a machine
is likely to operate before it requires repair or replacement.
RUL can be estimated based on historical data, which consists
of sensor measurements and operational settings which is
very important for improving maintenance schedules to avoid
engineering failures and save the resultant costs [1].

Over recent years, discovering the relationship between
the monitored system historical data and determining the
corresponding RUL has been receiving increasing attention
in data-driven prognostics. A number of machine learning
(ML) techniques have been proposed and developed to learn
the mapping from the collected feature data to the associated

RUL. The advantage of applying ML techniques for PHM is
because of the ability of ML algorithms to efficiently model
highly nonlinear, complex, multi-dimensional system without
prior expertise using the system physical behaviour data.

The contribution of the proposed work in this paper is as
follows:

1) Data-driven models are constructed without any prior
expertise on prognostics or signal processing for pre-
dicting RUL.

2) Data-driven approach is proposed for prognostics using a
combination of Vector Auto-Regression model and Long
Short Term Memory (LSTM) neural network; thus, the
proposed model expected to obtain higher prognostic
accuracy as compared to using a single model.

3) The proposed models are capable of predicting RUL
multiple cycles into the future.

To demonstrate and validate the effectiveness of the pro-
posed work, the RUL for turbofan jet engines is estimated
using the proposed models as a case study on the NASA
CMAPSS (Commercial Modular Aero-Propulsion System
Simulation [2]) dataset [3].

The rest of the paper is organized as follows. Related works
are discussed in Section II. The proposed model are presented
in Section III. Details about the dataset, pre-processing and
performance measures are parts of Section IV. Results and
analysis of the proposed models are discussed in Section V
followed by Section VI which concludes the work presented.

II. RELATED WORK

Most of the prognostic and health management systems are
designed using model-based methods [4], data-driven methods
[5] and hybrid methods [6]. This paper mainly focuses on data-
driven methods.

Data-driven approaches usually require historical data for
training models and they do not rely on much prior expertise
on prognostics and are easy to be generalized. Some of the
data-driven approaches include the traditional multi-layer per-
ceptron [7] approach for modeling the RUL of the laboratory-
tested bearings which reported the prediction results superior
to the reliability-based approaches. Neural network (NN) [8]
approach for modeling RUL from degradation signals because
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Fig. 1. Flow diagram for training LSTM Model.

Fig. 2. Flow diagram of LSTM Model for RUL Prediction.

of vibrations and validation using real-world vibration moni-
toring data collected from pump bearings in the field which
achieved more accurate RUL predictions. In [9] support vector
machine (SVM) approach to predict RUL of bearings using
the isometric feature mapping reduction technique (ISOMAP)
is proposed. Support vector regression (SVR) and effectively
modeled the evolution of the degradation, fault diagnosis and
RUL estimation using LSTM neural network which diag-
noses and predicted performance in the cases of complicated
operations, hybrid faults and strong noises, is presented in
[10]. Deep Convolution Neural Networks (DCNN) for RUL
prediction is proposed in [11]. The hidden Markov model
is proposed in [12] by developing a statistical modelling
methodology for performing both diagnosis and prognosis in
a unified framework based on segmental hidden semi-Markov

models (HSMMs) for health monitoring of hydraulic pumps.
Most of the research work done towards developing data-

driven models for RUL prediction mentioned above demon-
strated RUL prediction only for one cycle into the future.
Whereas the models proposed in this work are capable of
predicting RUL multiple cycles into the future.

III. PROPOSED MODELS
A. Regression Model
Regression-based models are easy to implement [13] and
provide a rough lower bound on the performance for models
like LSTM neural network and VAR model which are later
used in the proposed work to improve the performance.

Regression-based models implemented in this paper include
linear regression, logistic regression and random forest regres-
sion and they are constructed as follows:
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Fig. 3. Flow diagram of Vector Autoregression (VAR) model for RUL prediction.

TABLE I
LSTM MODEL ARCHITECTURE.

Layer Input shape Output shape
LSTM Columns x Lookback 128
LSTM 128 64
Dense 64 16
Dense 16 1

1) Training data and test data are pre-processed as dis-
cussed in IV-B.

2) Regression models are trained using time-series of all
the engines from training data all at once.

3) Time-series of each engine from the test data is passed
to trained models one by one.

4) Final predicted RUL for an engine is taken as mean of all
the predicted RULs of entire time-series of that engine.

B. LSTM (Long Short Term Memory) Model

LSTM [14] networks are well suited in time-series fore-
casting [15] which is an advantage over previously discussed
regression models.

1) Model Architecture: LSTM Models used in the proposed
work consists of two LSTM layers followed by two dense
layers. Multiple LSTM layers are not added to prevent over-
fitting caused by larger-scale parameters in deeper LSTM
networks [16].

The LSTM model architecture details are given in the Table
I, where number of columns = number of features in the
dataset, and lookback = 1,5,10,20.

Lookback of LSTM cannot be increased beyond 20 because
lookback should be less than maximum number of cycles
of any engine runs for, and it is observed that minimum
of maximum cycles of any engine is 31. Also, increasing
lookback leads to slower computation.

Following are the steps for RUL prediction using the LSTM
model :

1) Training data and test data are passed through pre-
processing modules discussed in IV-B.

2) Time-series of each engine in the training data is
grouped according to the lookback and are then used
to train the LSTM model.

3) Pre-processed time-series from the test data are grouped
according to the corresponding lookback of LSTM.

4) RUL for each engine is predicted by using the last group
of (1,5,10 or 20 which are lookback for LSTM) time-
series of that engine.

Training of LSTM Model and RUL prediction using LSTM
model is shown in Fig. 1 and Fig. 2 respectively.

C. VAR (Vector Autoregression) Model

Vector auto-regression (VAR) is a statistical model used to
capture the relationship between multiple quantities as they
change over time. VAR generalizes an autoregressive model
for multivariate time-series and is used for data description,
forecasting, structural inference, policy analysis, etc [17].

For the prediction module, RUL is required to be predicted
for the immediate next cycle based on the given past time-
series of every engine. Each engine has its own VAR model;
therefore, the number of VAR models is equal to the number
of engines present in the dataset.

Following are the steps for RUL prediction using the VAR
model :

1) Training and test data are passed through pre-processing
modules discussed in IV-B and pre-processed training
data is used to train LSTM and regression models.
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2) Time-series of each engine from the test data is passed
to corresponding VAR model which forecasted future
time-series one cycle ahead.

3) The forecasted time-series by VAR model is passed
to trained regression or LSTM model which calculates
RUL and compares it to actual RUL from the dataset.

VAR Model architecture is shown in Fig. 3.

IV. EXPERIMENTAL SETUP

A. Dataset

The NASA CMAPSS(Commercial Modular Aero-Propulsion
System Simulation) dataset [3] is used to validate the ef-
fectiveness of the proposed models. This dataset consists of
time-series of turbofan jet engines along with their remaining
useful life. Each time-series consists of the engine ID, current
operational cycle, three operational settings and 21 sensor
measurements.

Engines start with unknown initial condition and evolve with
the progression of their time-series. The engine develops a
fault at some point during the series. In the training set, the
fault grows in magnitude until system failure. In the test set,
the time-series ends some time prior to system failure, and the
goal is to estimate the number of operational cycle remaining
(RUL) before the system failure.

B. Pre-processing

Pre-processing is divided into two phases, viz, pre-
processing datasets and generating RULs for training data
which will be used to train the models.

1) Pre-processing datasets: Following are the steps for
involved in data pre-processing :

1) Data Analysis : To analyse the various statistics like
minimum, maximum, standard deviation, etc.

2) Normalization : Done using MinMaxScaler.
3) Noise removal : PowerTransform is used to remove

noise and also shift the distribution of dataset to Gaus-
sian distribution.

It is observed that when both MinMaxScaler and PowerTrans-
form, are used for data pre-processing, supervised machine
learning leads to better results [18].

2) Generating RULs for training data: To obtain RUL for
the training data :

• In the training set, every engine with a unique Machine
ID runs for a particular number of cycles and the engine
fails at the end of all these cycles.

• So RUL for every cycle of an engine is defined as: (total
number of cycle Engine runs for) - (current operational
cycle)

C. Performance Measures

Performance measures used to evaluate various models in this
work are Mean Squared Error (MSE), Root Mean Squared

Error (RMSE) and Mean Absolute Error (MAE) as shown
below: [19].

RMSE =

√√√√(
1

n
)

n∑
i=1

(yi − xi)2 (1)

MSE = (
1

n
)

n∑
i=1

(yi − xi)
2 (2)

MAE = (
1

n
)

n∑
i=1

|(yi − xi)| (3)

N = number of data points
yi = actual observations of time-series
xi = estimated time-series

V. RESULTS AND ANALYSIS
A. Regression Models

The results obtained by regression models are presented in
Table II.

TABLE II
RESULTS OF VARIOUS REGRESSION MODELS.

Regression Model MSE RMSE MAE
Random Forest 3179.90 56.39 49.34

Linear 2747.63 52.41 44.35
Logistic 2454.39 49.54 40.50

Regression models cannot learn from their past inputs. Since
the dataset used for this experiment consists of time-series
data, results obtained by regression models are not optimal
enough.

However, the results obtained by regression models provide
a boundary for the performance of LSTM and VAR models.
Also, logistic regression in combination with VAR showed
better results as compared to logistic regression alone.

B. LSTM Models

The results obtained by LSTM models are presented in Table
III and comparison of predicted vs actual RUL for LSTM with
lookback of 1,5,10,20 is shown in Fig 4, Fig 5, Fig 6, Fig 7
respectively.

TABLE III
RESULTS OBTAINED BY LSTM MODEL.

Lookback MSE RMSE MAE
1 1082.23 32.89 26.39
5 1854.72 43.06 33.38

10 1694.33 41.16 32.39
20 1629.12 40.36 31.48

It is not possible to create a different model for every engine
as LSTM requires a long historical database of measurements
[20]. However, number of cycles every engine runs is very
short (between 200-250) which is insufficient to train different
LSTM model separately for every engine.

Lookback can not be increased beyond a certain value, and
thereby LSTM models cannot take full advantage of the entire
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Fig. 4. LSTM results with Lookback=1.

Fig. 5. LSTM results with Lookback=5.

Fig. 6. LSTM results with Lookback=10.

Fig. 7. LSTM results with Lookback=20.

time-series of an engine from the test dataset. RUL for an
engine from the test dataset is only based on its last 1,5,10
or 20 time-series. This problem is resolved by using the VAR
model which have modifiable order.

Performance of LSTM can be further improved by adding
dropout [21] and employing feature optimization techniques
such as genetic algorithm [22].

C. VAR Models

The results obtained using VAR models are presented in Table
IV and comparison of predicted vs actual RUL for VAR with
logistic regression and VAR with LSTM is shown in Fig 8
and 9 respectively.

TABLE IV
RESULTS OBTAINED BY VAR.

Model used to Predict
RUL

MSE RMSE MAE

Logistic Regression 1262.74 35.53 28.68
LSTM(lookback=1) 861.63 29.35 22.91

Fig. 8. VAR results with Logistic Regression for RUL Prediction.

Fig. 9. VAR results with LSTM(lookback=1) for RUL Prediction.

Previously discussed LSTM models suffered the problem of
increasing lookback beyond a certain value and thereby LSTM
models cannot take full advantage of the entire time-series of
an engine from the test dataset. This problem is solved by
using autoregressive models which have dynamic order.

VAR model is used along with logistic regression and
LSTM with lookback=1 since logistic regression showed better
results compared to other regression models and LSTM with
lookback=1 showed better results compared to LSTM with
lookback=5,10,20.

Lookback=1 for LSTM is compatible with VAR for predict-
ing RUL one cycle into the future based on the past time-series
of an engine. LSTM models with greater lookback can be used
with VAR if RUL is to be predicted further into the future.

As it can be clearly seen from the above results, VAR
performed better as compared to LSTM and regression models
alone because of the following reasons :

1) Unlike LSTM, VAR model only requires at least 50 but
preferably more than 100 observations [23] for training
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and are implemented individually for each engine, as
each engine in the dataset has more than 150 observa-
tions.

2) Order of a particular VAR for a certain engine depends
on the number of cycles that engine has been operating
for, unlike LSTM where lookback can not be increased
beyond 20.

3) Entire time-series of an engine from test dataset is used
in estimating RUL unlike LSTM, where only last 1,5,10
or 20 time-series were used in RUL prediction.

VI. CONCLUSIONS

The main motive of this paper was to develop a robust data-
driven approach in prognostics and health management for
RUL prediction. Various machine learning and neural network
models for RUL prediction are implemented and compared.
Experiments are carried out on the popular CMAPSS dataset
to show the effectiveness of the proposed models. The goal
is to estimate the remaining useful life of turbofan-jet-engine
units.

With data normalization using MinMaxScaler and noise
removal using PowerTransform which shifts the distribution
of the dataset to Gaussian distribution, good prognostic per-
formance is achieved by combining VAR with LSTM for RUL
prediction method.

Results of linear regression, logistic regression, random for-
est regression, LSTM with lookback of 1,5,10,20, VAR models
in combination with logistic regression and LSTM (look-
back=1) are compared. The results of VAR combined with
LSTM (lookback=1) has shown better results. The proposed
VAR with LSTM for RUL prediction model can also be used
to predict RUL multiple cycles into the future by increasing
the steps of VAR model. Comparison of performance measures
of these models is shown in Fig. 10, Fig. 11 and Fig. 12.

While good experimental results have been obtained by
the VAR with LSTM, further architecture optimization is still
necessary. Efforts will be made to enhance model performance
by using feature optimization techniques such as Genetic
Algorithm [22], by adding dropout to LSTM models which
had shown to increase model performance [21] and by using
scoring function as a performance metric which has been
proposed by many researchers [24], [25], [26]. In PHM late
prediction are more dangerous than early prediction, which is
because late prediction usually leads to more severe conse-
quences in many fields such as aerospace industries. Scoring
function takes this asymmetry of late vs. early predictions into
account, and penalizes late predictions.
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