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Abstract: Prognostic aims at estimating the remaining useful life (RU L) of a degrading
equipment, i.e at predicting the life time at which a component or a system will be unable to
perform a desired function. This task is achieved through essential steps of data acquisition,
feature extraction and selection, and prognostic modeling. This paper emphasizes on the
selection phase and aims at showing that it should be performed according to the predictability
of features: as there is no interest in retaining features that are hard to be predicted. Thereby,
predictability is defined and a feature selection procedure based on this concept is proposed. The
effectiveness of the approach is judged by applying it on a real-world case: through comparison
is made in order to show that the better predictable features lead to better RU L estimation.
Keywords: PHM, data-driven prognostics, predictability, connexionist systems.
1. INTRODUCTION
In order to avoid high costs while increasing safety and
availability of equipments, researchers and industrials
show a keen interest in concepts of condition based maintenance (CBM). More precisely, “prognostic” becomes a major area of focus nowadays. The core process of prognostic
is to estimate the remaining useful life (RU L) of a system
before a failure occurs (ISO13381-1 (2004); Jardine et al.
(2006)). It is thereby a promising activity that benefits
in form of planning, safety, availability and maintenance
cost reduction (Brotherton et al. (2000)). However, real
prognostic systems are scarce in industry. Indeed, there
is still a vacuum that is yet to be filled: nobody is able
to a priori ensure that an accurate prognostic model can
be built (according to a specific problem). In other words,
the applicability of a prognostic approach is still an open
area, mainly because of the predictability of future. This
is a central point of this paper.
Three main categories of prognostic approaches are generally distinguished: experience-based, model-based, and
data-driven approaches (Byington et al. (2002); Heng et al.
(2009); Vachtsevanos et al. (2006)). Briefly, experiencebased approaches are used in statistical reliability applications to predict failure probability at any time. Modelbased methods suppose that the degradation process can
be formalized in a mathematical form. Data-driven approaches aim at transforming raw in situ data into appropriate information by performing a non-linear modeling of
real systems. These approaches are notably suitable when
physics of failure is hard to be modeled, or in absence
of prior knowledge or human experts. Therefore, they are
increasingly applied to machine prognostics.
As for data-driven approaches, the underlying assumption

is that the degradation process can be reflected by features
that are extracted from sensor signal. These features are
considered as being the main source of information to
represent the current health state of a component/system.
Following that, the RU L can be estimated by forecasting
in time a set of features that have been selected. However, a
critical problem can be addressed: there is no way to ensure
that the most relevant features (the ones that contain the
main information among all features) are those that will
be best predicted. This is the issue of the paper: in order
to directly go through a suitable prognostic model, the
feature selection phase should consider the features that
are better predictable and can contribute to prognostic
modeling. An additional problem appears: predictability
should be clearly defined and assessed according, firstly to
the prediction model one aims to use, and secondly, to the
horizon of prediction that is required. Assuming that, an
extension to existing data-driven procedure is proposed
in this paper. The main purpose of this method is to
reconsider the learning phase of data-driven approaches by
considering both steps “feature selection” and “prognostic
modeling” as complementary and closely related.
The paper is organized in three main parts. First, classical
data-driven prognostics procedure is replaced within CBM
concept and predictability problem is pointed out. This
concept is thereby defined according to existing works.
Following that, a novel features selection procedure based
on predictability is proposed in section 3. Also, assuming
that predictability relies on the capability of forecasting
tools, two connexionist systems are introduced as a set
of “potential model” to perform multi-step ahead predictions. Lastly, in section 4, the whole procedure is applied
and discussed on a real-world prognostics problem related
to the health of a degrading engine.
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Figure 2 - Data Flow within an Open System CBM Design

Fig. 1. Architecture of CBM (Lebold and Thurston (2001))
When focusing on the prognostic process, one can underline a flow that goes from multidimensional data through
the remaining useful life of a system. This procedure consists of three main phases (Fig. 2). Data are first acquired
from sensor sources, and are then pre-processed before
feeding a prognostic model. The pre-processing step is
composed of a features extraction module based on signal
processing techniques, and of a features selection module
that relies on data mining approaches. The prognostic
phase is also composed of two complementary modules.
A prediction engine forecasts observations in time. These
predictions are then analyzed by a classifier which provides
the most probable state of the system. The RU L is finally
deduced thanks to the estimated time to reach the failure
mode. Obviously, prediction phase is critical and must
be dealt in an appropriate manner in order to provide
accurate predictions and thereby, to achieve better RU L
estimation.
2.2 Predictability concept
Predictability is not a well defined concept. In general,
predictability attributes to the capability in making predictions of future occurrence on the basis of past information. It should depict a goodness of predictions, so that

Accurate time series models. Predictability states for the
degree of correctness in forecasting or shows the usefulness
of a forecasting method (Abbas and Arif (2006)). In this
context, it must be considered that up to what extent
accurate predictions of a given time series can be provided
by an applied modeling approach. Therefore, metrics are
required in order to show significance of accurate prediction modeling. Remarkably, there are few works that
focus on the predictability aspect by considering modeling
accuracy. Wang et al. used seasonally adjusted coefficient
of efficiency to evaluate predictability of univariate stream
flow process (Wang et al. (2008)). However, in this study
need of a suitable forecasting approach as well as model
performance measure is highlighted for a particular domain. (Kaboudan (1999)) presented a quantitative metric
to measure time series predictability using genetic programming. (Duan (2002)) provided an improvement of
those developments. (Teodorescu and Fira (2008)) defined
metrics to determine suitable predictors for genomic sequence: quantitative metrics that depict the ability of time
series to be predicted by a particular approach. However,
they were useful for single step-ahead forecasting methods.
Accuracy over horizon. Accuracy of prediction is greatly
affected by horizon of prediction. A time series can be
well predicted over a short horizon but difficult to be
predicted for a long term horizon. As error grows with
increasing horizon, consequently prediction accuracy is
reduced, and this denotes low predictability of a time
series. In accordance to that, (Diebold and Kilian (2001))
proposed a general measure of predictability to measure
relative accuracy over different horizons for macroeconomic application. (Abbas and Arif (2006)) presented new
metrics for predictability that were applied to multi-step
ahead predictions of surrogated time series. However, no
consensual point of view appears in existing contributions.
Defining predictability. As a synthesis, either considering
correctness or horizon of prediction, literature points out
that predictability is closely related to accuracy of predictions that are judged against certain error tolerance.
In others words, assessing a prognostic model requires the
user to be able to define the limit of prediction he would
like to obtain, as well as the performance of prediction
that follows from that. This all enables us to explicitly
state that predictability is closely related not only to the
type of prognostic model one mean to use, but also to
the horizon of prediction that is judged as useful (short-
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Fig. 3. Compounds of predictability concept
term, mid-term, long-term). Also it depends on a limit of
accuracy one means to reach (Fig. 3).
Finally, we define predictability as:
• the ability of a given time series T S to be predicted
with an appropriate modeling tool M that facilitates
future outcomes over a specific horizon H and with a
desired performance limit L.
Formally, we propose to formulate it as:
− ln( 21 ).

M F EH
T S/M
L
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P red (T S/M, H, L) = exp

(1)

where, H states for the horizon of prediction, L is the limit
of accuracy that is fixed, and M F E is the mean forecast
error in between the actual values of T S and the predicted
ones (thanks to M ):
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Perfect value for M F E is 0. M F E > 0 indicates under
forecast and M F E < 0 over forecast. Predictability has an
exponential form (Fig. 4) and is as higher (maximum=1)
as the M F E is lower. A T S can be considered as predictable if its predictability coefficient is in between 0.5
and 1, i.e., if the M F E is in between 0 and the limit value
L chosen by the user.
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Fig. 5. Selection procedure based on predictability
3.2 Long term predictions with connexionist systems
The aforementioned procedure assumes that various forecasting models are available. Let introduce two connexionist systems as for multi-steps ahead prediction tools.

Fig. 4. Illustration of predictability measure
3. PREDICTABILITY DRIVEN PROGNOSTICS
3.1 Selection procedure based on predictability
As stated before, (and illustrated in Fig. 2) the prognostic
model uses a set of selected features to provide an estimation of the RU L. The learning phase of the model has
to be reiterated until suitable prognostic performances are
obtained (“try and error approach”). However, this can
be a waste of time, because some features can be very
hard (even impossible) to be predicted, i.e., since there

Choice of an ANN and a NFS. Among different prognostics approaches, data-driven methods have great potential due to their ability to learn from examples and
to model non-linear phenomena. Also, input-output data
set is main source of information to develop better understanding of systems current health state (Huang et al.
(2007)). Therefore, machine-learning methods are of great
interest for prognostics. Within these techniques, adaptive
networks like artificial neural networks (ANN) and neurofuzzy systems (NFS) are increasingly used for prediction
problems (Chinnam and Baruah (2004); Gomes de Freitas
et al. (1996); Wang (2007)). These connexionist systems
are capable to capture complex relationship among inputs
and outputs and have good approximation capability for
non-linear modeling of real systems. Also, they have shown
good performances in prognostic applications (El-Koujok
et al. (2008); Wang and Vachtsevanos (2001); Wang et al.
(2004); Yam et al. (2001)).
As for illustration purpose, let consider a feedforward ANN
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and a first-order NFS in this paper. The ANN is assumed to be tuned (learning phase) thanks to LevenbergMarquardt algorithm that is considered to be faster and
more effective as compared to other techniques (Hagan
and Menhaj (1994)). The adaptive neuro-fuzzy inference
system (ANFIS) proposed by (Jang and Sun (1995)) is
also considered to be a potential approach for forecasting
in maintenance applications (El-Koujok et al. (2008)).
Besides this, each approach has its own benefits as well
as limitations, which are not deeply presented here, but
interested reader can refer to (Hagan et al. (1996); Li and
Cheng (2007)) for more theoretical details.

during the learning phase, p the number of regressors used,
i.e. the number of past discrete values used for prediction.
Note that from the time h > p, predictions are made
only on evaluated data and not on observed data. This

General formalization. Connexionist systems like artificial neural networks or neuro-fuzzy systems aim at approximating an input-output function. This kind of systems
must be tuned to fit to the studied problem thanks to a
learning phase of parameters. Let [X] be the input data
set, [Y ] the output data set. With these notations, the
approximation function can finally be formalized as:
[Ŷ ] = f ([X], [θ])
(3)

Fig. 6. Iterative model for multi-steps predictions

where [Ŷ ] states for the estimated output set [Y ], and [θ]
for the set of parameters that have to be tuned during the
learning phase.
In a similar manner, let now formalize the problem of
connexionist-based multi-steps ahead prediction of an univariate time series (like a feature for prognostic). A univariate time series T St is a chronological sequence of values describing a physical observation made at equidistant
intervals: T St = {x1 , x2 , . . . , xt } (where t states for the
temporal index variable). With these notations, the multisteps ahead prediction problem consists in estimating a
set of future values of the time series: [X̂t+1→t+H ] =
[x̂t+1 , x̂t+2 , x̂t+3 , . . . , x̂t+H ] where H states for the
final prediction horizon. According to eq. 3, this approximation can be expressed as:
[X̂t+1→t+H ] = msp([Xt ])
(4)

Data sets. The proposed developments are applied on
the challenge data set of diagnostics and prognostics of
machine faults from first international conference of prognostics and health management (Saxena et al. (2008)).
This data set consists of multivariate time series signals
(26 features) from different degrading instances and contaminated with measurement noise. Each set of time series
comes from a different engine of a same fleet. Each engine
starts from different initial conditions and manufacturing
conditions are not known to the user. Each engine begins
from a normal state but, due to some fault occurrence,
starts to degrade. Thus the fault magnitude increases with
time until failure state takes place.

where, “msp” states for “multi-steps ahead prediction”,
and [Xt ] ∈ T St is know as the set of regressors used (for
example [Xt ] = [xt , xt−1 , xt−2 ]).
Multi-steps predictions with an iterative approach. The
multi-steps ahead prediction model “msp” can be obtained
in different manners and by using different connexionist
tools (structure + learning algorithm). (Gauvain et al.
(2011)) dress an overview of those approaches. According
to this work, the iterative approach is the most common
one. Multi-step predictions are provided by using a single
tool (an ANN or a NFS) that is tuned to perform a onestep ahead prediction x̂t+1 . This estimated value is used as
one of the regressors of the model to estimate the following
ones and the operation is repeated until the estimation of
x̂t+H . The procedure is illustrated in Fig 6. Formally:


if h = 1, f 1 xt , . . . , xt+1−p , [θ1 ]



 elseif h ∈ {2, . . . , p},

x̂t+h = f 1 x̂t+h−1 , . . . , x̂t+1 , xt , . . . , xt+h−p , [θ1 ] (5)


h ∈ {p + 1, . . . , H}, 

 elseif
f 1 x̂t+h−1 , . . . , x̂t+h−p , [θ1 ]

where f 1 , [θ1 ] states for the one-step ahead prediction
model (ANN or NFS) with its parameters set calculated
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multi-steps prediction technique has been used to forecast
features on time in order to illustrate the procedure of
feature selection based on predictability concept.
4. EXPERIMENTS AND DISCUSSION
4.1 Data sets and simulation settings

Simulations settings. From the dataset, among 26 available features, 8 were pre-selected in a previous work thanks
to information theory and Choquet Integral (Ramasso and
Gouriveau (2010)). These 8 features (F1 to F8) are used
as a starting point to illustrate the proposed approach of
“predictability-based” feature selection (section 3.1).
Experiments are performed by using an ANN and a NFS as
potential tools for feature predictions. Each tool is tuned
according to parameters shown in table 1. The training
of each model is met by data sets of 40 multivariate time
series, whereas 5 multivariate time series data are used to
perform tests. Multi-step ahead predictions are performed
from time t = 50 till the end of degradation, using iterative
approach (section 3.2.3).
Table 1. Prediction models - Settings
ANN-Parameters
In. / Hidden / Out. layer neurons
Hidden / Output layer Act. ftn.
Training Algorithm
ANFIS-Parameters
Input / Output layer neurons
Number / type of input memb. ftn
Rules / FIS
Defuzzification method
Training Algorithm

Settings
3/5/1
sigmoidal / linear
Levenberg-Marquardt
Settings
3/1
3 / Pi-shaped
27 / First order Sugeno
Weighted Average
Hybrid Method

Prediction results obtained from each case are thoroughly
tested on predictability criteria to retain or reject each

couple of potential “feature-model” to be used for prognostics. In order to validate our proposed methodology, for
each test, RU L is estimated with all features and with selected ones. This task was performed through classification
step by considering Fuzzy-Cmeans clustering algorithm
(Bezdek (1981)). However, details of classification step are
not presented here. Following that, all the obtained RU L
estimates are compared throughly.

Single test ; H=t+134
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4.2 Results and discussion
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F1
F2
F3
F4
F5
F6
F7
F8

Approach
ANFIS
ANN
ANFIS
ANN
ANFIS
ANN
ANFIS
ANN
ANFIS
ANN
ANFIS
ANN
ANFIS
ANN
ANFIS
ANN

H=t+50
0,934
0,770
0,005
0,017
0,0025
0,0023
0,965
0,982
0,915
0,904
0,943
0,947
0,993
0,966
0,187
0,970

H=t+120
0,606
0,762
0,0002
9,0e-06
0,0025
2,6e-14
0,870
0,876
0,8925
0,592
0,9908
0,995
0,927
0,907
0,540
0,637

H=t+134
0,504
0,6173
4,8e-05
4,6e-07
5,2e-05
3,09e-17
0,841
0,840
0,925
0,507
0,957
0,963
0,904
0,888
0,888
0,360

The obtained results show that features F2, F3 do not
satisfy predictability criteria neither by ANN nor by ANFIS, as it is clearly indicated by their lower values of
predictability (P red < 0.5). Similar findings about F2 and
F3 are obtained from other test cases as well, by applying
both connexionist tools.
Moreover, ANFIS shows better performance with higher
predictability values as compared to ANN for most of
the simulations. This phenomena is shown in Fig. 7, that
depicts a global picture of features predictability over
prediction horizon t + 134 steps ahead in accordance to
tool of prediction.
Simulation also clearly show that predictability is highly
dependent on the horizon of prediction and the results
can vary from one prediction tool to another. As for an
illustration, consider Fig. 8. The upper part of this figure
depicts prediction results on feature F5 with both tools
ANN and ANFIS. The lower part presents the corresponding predictability measures among the horizon of prediction. As expected, ANFIS shows better prediction and
higher predictability as compared to ANN with changing
horizon. In other words, predictability measure not only
shows the significance of a tool but also gives confidence
in making predictions over the increasing horizon. Thus,
higher predictability values indicate greater confidence in
predictions. Moreover, that strengthen the idea that the
required horizon of prediction should be defined before
building a prognostic model.

4
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7

8

Features

Fig. 7. Predictability of features (H = t + 134)
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Table 2. Predictability results on a single test
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Predictability results. As stated before, in order to exclude unpredictable features, predictability analysis is performed on each test case of multivariate time series. For
illustration, simulation results from a single test are reported in table 2 over different horizon indexes for better
understanding.
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Fig. 8. Example of degrading feature prediction
Impact of predictability: Prognostics results. According
to previous results, prognostics should be performed by
using only predictable features, that leads to better RU L
estimation i.e., with features {F1 ; F4 - F8}. Let validate
this assumption by estimating the RU L for each multivariate time series test data set, by using, on one side,
the whole set of pre-selected features {F1 - F8}, and on
the other side, these final “predictability-based” selected
features to make a comparison. As stated before (end of
section 4.1), this part can not be fully described here,
but RU L percentage errors obtained from simulations are
summarized in table 3.
Table 3. RU L percentage error with ANFIS
Test
1
2
3
4
5
Mean % error

All features
7,096 %
11,83 %
24,34 %
15,95 %
1,324 %
12,10 %

Selected Features
0,636 %
1,898 %
1,265 %
0,6211 %
0,632 %
1,01 %

Above results arrangement show that for each test, percentage error of RU L by considering all features {F1 - F8}
is much higher as compared to the case of selected features,
i.e. excluding F2 and F3. As for a synthetic result, mean
percentage error is divided by 12 when using the selected
set of features. Also, results seem to be more stable among
all tests when using the selected set of better predictable
features. Finally, the features selection procedure based on
predictability enhances significantly prognostics results.
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5. CONCLUSION
The aim of this paper is to argue that the “selection”
phase of prognostic should be performed accordingly to
the predictability of features, since there is no interest
in retaining features that cannot be forecasted in time.
Discussion is based on the assumption that the “selection”
and “prediction” phases both impact prognostic performances, and should thereby be considered simultaneously.
Following that the concept of “predictability” is defined,
and a novel features selection procedure based on this concept is proposed. In order to illustrate the developments,
a multi-steps ahead prediction technique is presented and
implemented on a real prognostic problem by using two
type of connexionist systems for prediction purpose. Results show that “predictability” depends actually on the
feature, but is also closely related to the type of prognostic
model one means to use, and to the horizon of prediction that is judged as useful. Finally, developments are
validated by performing RU L estimation via classification
phase. Results show improvements by applying the proposed approach of “predictability-based” feature selection.
However, for a large scale problems with high computational costs, different meta-heuristic techniques should be
developed with regard to predictablity measuring criteria.
REFERENCES
Abbas, S.R. and Arif, M. (2006). New time series predictability metrics for nearest neighbor based forecasting. In IEEE Int. Multi-topic Conf.
Bezdek, J.C. (1981). Pattern Recognition with Fuzzy
Objective Function Algorithm. Plenum New York.
Brotherton, T., Jahns, G., Jacobs, J., and Wroblewski, D.
(2000). Prognosis of faults in gas turbine engines. In
IEEE Int. Conf. on Aerospace, volume 6, 163–171.
Byington, C., Roemer, M., Kacprzynski, G., and Galie, T.
(2002). Prognostic enhancements to diagnostic systems
for improved condition-based maintenance. In IEEE
Aerospace Conf., Big Sky, USA.
Chinnam, R.B. and Baruah, P. (2004). A neuro-fuzzy
approach for estimating mean residual life in conditionbased maintenance systems. Int. Jour. of Materials and
Product Technology, 20, 166–179.
Diebold, F.X. and Kilian, L. (2001). Measuring predictability: Theory and macroeconomic applications.
Journal of Applied Econometrics, 16, 657–669.
Duan, M. (2002). Time Series Predictability. Grad. School
Milwaukee: Marquette Univeristy.
El-Koujok, M., Gouriveau, R., and Zerhouni, N. (2008).
Towards a neuro-fuzzy system for time series forecasting
in maintenance applications. In IFAC World Congress,
Korea.
Gauvain, M.D., Gouriveau, R., Zerhouni, N., and Hessabi,
M. (2011). Long term prediction approaches based
on connexionist systems - a study for prognostics application. In IEEE Conf. on Prognostics and Health
Management PHM.
Gomes de Freitas, J.F., I.M. MacLeod, and J.S. Maltz
(1996). Neural networks for pneumatic actuator fault
detection. Trans. of the South African Institute of
Electrical Engineering, 90, 28–34.
Hagan, M.T., Demuth, H.B., and Beale, M.H. (1996).
Neural Network Design. Boston, MA: PWS Publishing.

Hagan, M.T. and Menhaj, M.B. (1994). Training feedforward networks with the marquardt algorithm. IEEE
Trans. Neural Networks, 5(6), 1989 – 993.
Heng, A., Zhang, S., Tan, A., and J.Matwew (2009). Rotating machinery prognostic:state of the art,challenges
and opportunities. Mech. Systems. and Sig. Processing.,
23, 724–739.
Huang, R., Xi, L., C.R. Liu, Qiu, H., and Lee, J. (2007).
Residual life predictions for ball bearings based on selforganizing map and back propagation neural network
methods. Mech. Syst. and Sig. Proc., 21, 193–207.
Jang, J.S.R. and Sun, C.T. (1995). Neuro-fuzzy modeling
and control. IEEE Proceedings, 83, 378–406.
Jardine, A.K.S., Lin, D., and Banjevic, D. (2006). A review
on machinery diagnostics and prognostics implementing
condition-based maintenance. Mech. Systems and Sig.
Processing, 20, 1483–1510.
Kaboudan, M. (1999). A measure of time-series’ predictability using genetic programming applied to stock
returns. Jour. of Forecasting, 18, 345–357.
Lebold, M. and Thurston, M. (2001). Open standards for
condition-based maintenance and prognostics systems.
In 5th Annual Maintenance and Reliability Conf.
Li, C. and Cheng, K.H. (2007). Recurrent neuron-fuzzy
hybrid-learning approach to accurate system modeling.
Fuzzy Sets and Systems, 158, 194–212.
Ramasso, E. and Gouriveau, R. (2010). Prognostics in
switching systems: Evidential markovian classification
of real-time neuro-fuzzy predictions. In Prognostics and
Health Management Conference, 2010. PHM ’10.
Saxena, A., Goebel, K., Simon, D., and Eklund, N. (2008).
Damage propagation modeling for aircraft engine runto-failure simulation. In Inter. Conf. on Prognostics and
Health Management, PHM 2008.
Teodorescu, H.N. and Fira, L.I. (2008). Analysis of the
predictability of time series obtained from genomic sequences by using several predictors. Jour. of Intelligent
and Fuzzy Systems, 19, 51–63.
ISO13381-1 (2004). Condition monitoring and diagnostics of machines - prognostics - Part1: General guidelines. International Standard, ISO.
Vachtsevanos, G., F.L. Lewis, Roemer, M., and Hess, A.
(2006). Intelligent Fault Diagnosis and Prognosis for
Engineering Systems. New Jersey, Hoboken: Wiley &
Sons.
Wang, W.Q. (2007). An adaptive predictor for dynamic
system forecasting. Mech. Systems and Sig. Processing,
21, 809–823.
Wang, W.Q., Ismail, F., and M.F. Goldnaraghi (2004). A
neuro-fuzzy approach to gear system monitoring. IEEE
Tran. Fuzzy Systems, 12, 710–723.
Wang, W.Q. and Vachtsevanos, G. (2001). Fault prognostic using dynamic wavelet neural networks. Artificial
Intelligence for Engineeing Design Analysis and Manufact, 15, 349–365.
Wang, W., Gelder, P.V., and J.K. Vrijling (2008). Measuring predictability of daily streamflow processes based
on univariate time series model. In iEMSs, volume 16,
3474–3478.
Yam, R.C.M., P.W. Tse, Li, L., and Tu, P. (2001). Intelligent predictive decision support system for conditionbased maintenance. Int. Jour. of Adv. Manufacturing
Techechnology, 17, 383–391.

