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DÉPARTEMENT AS2M and MEC’APPLI – January 13, 2016





Segmentation of CMAPSS health indicators into discrete states for
sequence-based classification and prediction purposes

Version 1

Emmanuel Ramasso
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Abstract: CMAPSS (Commercial Modular Aero- Propulsion System Simulation) datasets
have been initially developed for prognostics, forecasting and prediction, and available here:
http://ti.arc.nasa.gov/tech/dash/pcoe/prognostic-data-repository/. Those datasets represent run-to-
failure time-series and have also widely been used for classification or clustering. For that, it requires
a “ground truth” for performance evaluation. For homogeneity issue, a simple method is provided
to automatically generate common ”states/clusters/classes” which can be used by other researchers
in benchmarking. Note that those states do not have real physical meaning concerning the behavior
of turbofan engines. Matlab codes are also provided. The assumption is that (globally) monotonic
health indicators have been extracted from the initial datasets.
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Segmentation des indicateurs de santé des jeux de données CMAPSS en
états pour la classification et la prédiction de séquences temporelles

Version 1

Résumé : Les jeux de données CMAPSS (Commercial Modular Aero- Propulsion System Simula-
tion) ont été initialement proposés pour le pronostic et la prédiction. Ils sont disponibles à l’adresse
suivante: http://ti.arc.nasa.gov/tech/dash/pcoe/prognostic-data-repository/. Ces jeux de données ont
par ailleurs été utilisés pour la classification et le partitionnement de séries temporelles, mais pour
cela il est nécessaire de disposer d’une vérité terrain pour l’évaluation des performances. Pour des
raisons d’homogénéité, une méthode relativement simple est présentée pour générer de manière au-
tomatique des états/classes/clusters pouvant être par la suite utilisés pour comparer des approches.
Ces états n’ont pas forcément de lien avec la physique des systèmes de propulsion. Un lien vers les
codes Matlab est fourni. L’hypothèse derrière l’utilisation de cette méthode est que les indicateurs de
santé ont été extraits des données initiales et que ces indicateurs sont globalement monotones.

Mots-clés : Séries temporelles, classification de séquences, prédiction , pronostic, labels incertains
et bruitéss, indicateurs et suivi de santé, CMAPSS
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Segmentation of CMAPSS health indicators into discrete states

for sequence-based classification and prediction purposes
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Abstract

CMAPSS (Commercial Modular Aero- Propulsion System Simulation) datasets have
been initially developed for prognostics, forecasting and prediction, and available here:
http://ti.arc.nasa.gov/tech/dash/pcoe/prognostic-data-repository/. Those datasets repre-
sent run-to-failure time-series and have also widely been used for classification or clustering.
For that, it requires a “ground truth” for performance evaluation. For homogeneity issue,
a simple method is provided to automatically generate common ”states/clusters/classes”
which can be used by other researchers in benchmarking. Note that those states do not
have real physical meaning concerning the behavior of turbofan engines. Matlab codes are
also provided. The assumption is that (globally) monotonic health indicators have been
extracted from the initial datasets.

Key-words: Time-series, sequence classification, prediction, prognostics, uncertain and noisy
labels, health indicators and monitoring, CMAPSS datasets

1 Description of the data

The turbofan datasets were generated using the CMAPSS (Commercial Modular Aero- Propul-
sion System Simulation) simulation environment that represents an engine model of the 90,000
lb thrust class [1, 2]. A number of editable input parameters was used to specify operational
profile, closed-loop controllers, environmental conditions (various altitudes and temperatures).
Some efficiency parameters were modified to simulate various degradations in different sections
of the engine system. Selected fault injection parameters were varied to simulate continuous
degradation trends. Data from various parts of the system were collected to record effects of
degradations on 21 sensor measurements and provide time-series exhibiting degradation behav-
iors in multiple units.

These datasets possess unique characteristics that make them very useful and suitable for
developing prognostic and health monitoring algorithms [3]: Multi-dimensional response from
a complex non-linear system, high levels of noise, effects of faults and operational conditions,
and plenty of units were simulated with high variability.

In the present document, the learning datasets of the four turbofan datasets are considered.
The characteristics of the datasets are described in Table 1. It can be observed that dataset
#1 is the simplest one with one operating condition (OC) and one fault mode. Datasets #2
and #4 are the most complex datasets with six OC and one or two fault modes. Dataset #3
presents two fault modes and one OC. The state-of-the-art results on those datasets until 2014
are presented in [3].
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Datasets #Fault Modes #Conditions #Train Units #Test Units

Turbofan
data from
NASA
repository

#1 1 1 100 100
#2 1 6 260 259
#3 2 1 100 100
#4 2 6 249 248

Table 1: Description of the turbofan degradation datasets available from NASA repository.

2 Getting health indicators

Each dataset is made of a certain number of trajectories with different length and 21 sensor
measurements, with a total amount of about 700 training degradation trajectories (sum of
values in Table 1). From sensor measurements, a health indicator is built for each trajectory as
proposed in [4]. The method is based on Wang’s approach [5]. A HI is a 1D signal which takes
values in [0, 1] (0 for failure state, 1 for healthy state) and if possible rather monotonic.

The health indicators (HI) for all trajectories and all datasets are depicted in Figure 1. We
can observe that datasets #2 and #4 are made of about 500 trajectories with high variability
in terms of noise and length as compared to dataset #1. These four sets of trajectories can be
used for both training and testing data.

The codes to generate HIs are provided at:
http://fr.mathworks.com/matlabcentral/fileexchange/54866-rulclipper-algorithm-and-cmapss-
health-indicators. The method is based on two strategies: Global which does takes operating
conditions (OCs) into account, and local (considering OCs). OCs have an important impact
on the quality of the HI in terms of noise level and degradation trend.
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Figure 1: Evolution of the health indices for all engines in the four datasets.
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3 Generation of the ground truth

Those datasets have been used for clustering or classification purposes in many papers as re-
ported in [3]. We propose below a way to automatically generate three states from each tra-
jectory in order to get a ground truth used to feed and compare methods of classification and
prediction.

The process to get the segmentation into three states is depicted in Figure 2 and is available
as a Matlab code at http://fr.mathworks.com/matlabcentral/fileexchange/54808-segmentation-
of-cmapss-trajectories-into-states. The first 20% of a health indicator (HI) are used to estimate
a linear regression model. State 1 (corresponding to the healthy state) starts at t=1 and ends
when the absolute error between the estimation of the HI and the real HI is above 10%. State 3
(corresponding to the faulty state) starts when the absolute error falls below 10% (bottom right
hand side figure) and ends at the last time unit. State 2 is finally found between both states.
This process is repeated for all trajectories in all datasets and allows us to get one ground truth
for each.
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Figure 2: Automatic segmentation into three states.

The generation of the state sequences corresponds to a labeling which may be corrupted by
errors due, for example, to the noise on the HI (impacted by OC and fault modes), and to the
threshold (10% on the absolute error). In [6] we suggested an approach to incorporate noisy
and uncertain labels (prior). Other approaches can be developed based on similar principle and
using those data for comparison.

For models working with discrete variables, a quantization of the (continuous) HI can be
performed to generate “symbols”:

HIdiscrete(t)← bHIcontinuous(t)×Nc (1)

where N is a parameter playing a similar role as the number of clusters in usual quantization
methods [7]. The influence of N should be studied according to the models.
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