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Abstract—Bearings usually operate under harsh conditions
which result in a dynamic behavior generating non-stationary
vibration signals and overwhelmed by noise. Therefore, bearing
fault diagnosis and prognosis become difficult since the purpose is
to extract robust features able to detect the appearance of faults,
monitoring the degradation of health state and to predict the
remaining useful life (RUL) of bearing. The aim of this paper, is
to propose a method for bearing faults feature-extraction using
adaptive neuro fuzzy inference system (ANFIS) and autogram
analysis. First, times domain features are applied for the raw
vibration signal. Then, the selected features are computed to
will be analyzed as one of the characteristics that describes
the degradation of state system. After that, the curve fitting
(smoothing) is applied to normalize the amplitude of the irregular
values relatively to others feature values. The calculated value of
acquired signal cannot be smoothed or calculated three or more
times, hence ANFIS intervenes for modeling the transfer from
an indeterminate input to a more relevant value for monitoring
the fault evolution. Then, the output of ANFIS estimates the
days of acquisition and predict the RUL of bearing. Finally, the
autogram analysis is used to identify the degraded element in
the bearing.

Index Terms—Time domain features (TDFs),Features extrac-
tion, Prognostic and health management (PHM), Adaptive neuro
fuzzy inference system (ANFIS), Autogram analysis.

I. INTRODUCTION

Prognostic and health management (PHM) is one of the
research challenges of the last decades, the main objective
of the prognosis is to provide information and making good
decisions which is based on estimation of Remaining useful
life (RUL) [1] . Contrary to the diagnosis, the prognosis
is introduced to estimate the future state of the monitored
component [2], [3]. This type of research allows us to avoid
un-programmed failures and to predict the time of machine
availability . For this purpose it is necessary to accurately
estimate the RUL prediction . This challenge requires reliable
approaches when designing prediction models. In the literature
,it appears that the prediction methods generally differ by
the type of application , while the used tools depend mainly
on the nature of the data and the available knowledge .

Fig. 1. Prognostic approaches.

Also, these methods and tools can be grouped in a limited
number of approaches. The following classification tends to
gain consensus within the PHM community (Fig. 1).

Data-driven approaches are based on statistical features
and machine learning techniques [4] such as:Artificial Neu-
ral Network (ANN) [5]–[7],Fuzzy logic System (FLS) [8],
[9], Adaptive Neuro Fuzzy Inference System (ANFIS) [10],
[11].It does not require a physical model of the system: these
techniques are very successful in fault detection, classification
and RUL estimation [12]. Physics based approach relies exten-
sively on physical knowledge of the system, which requires the
implementation of mathematical models describing the physics
of the component in order to assess its current and future
health. The performance of this type of model depends on the
ability to describe the physical model to accurately represent
failure and degradation phenomena [13], [14]. Cubillo details
more this part [15]. Hybrid approach combines different types
of models, where this approach integrates physical model and
data-based methods, to obtain a more robust health assessment
. A hybrid prognostic method implemented a physical model
and a data-driven approach. When a physical model can be
established, a data-oriented approach is used to estimate and
predict the un-observable parameters of the model. In such
cases, the data-oriented tool is generally used to estimate and
predict unexplained the un-modelled phenomena [16].



In recent years, much effort has been devoted to the
development of regression-based methods for predecting the
RUL of rotating machines. Li et al [17] have improved the
performance of the classical exponential regression model and
have applied the improved regression model to vibration data
collected from the bearings to RUL prediction. Sutrisno and
his collaborators [18] studied the accuracy of predicted RUL
using three different techniques ; They compared the Bayesian
Monte Carlo method with the moving average of spectral
Kurtosis, support vector regression (SVR) and an algorithm
for detecting anomalies as a function of their performance
in estimating the RUL of a ball bearing. Loukopoulos et
al [19] investigated the performance of different machine
learning methods: linear,polynomial and K-Nearest Neighbors
regression. The obtained results show that methods based on
the weighted mean predicted RUL of each individual method
offers greater predictive accuracy.
In this paper, we present a method to estimate the RUL
of bearing using Adaptive Neuro Fuzzy Inference System
(ANFIS) for modelling the undetermined feature inputs and
the Autogram analysis for detecting the degraded element in
bearing (Fault-localization ). The monitoring is based on data
acquisition using sensors and the calculated value from the
sensors must be processed to detect faults or predict the health
state of bearing. The aim of this study is to know how to
switch from a calculated value from a vibration signal to more
interesting information for fault detection and prediction .

II. TIME DOMAIN FEATURES (TDFS)

Many researchers have focused on extracting features from
vibration signal where the vibration analysis is the most useful
technique of data acquisition because vibration signals carry
the relevant dynamic information of the rotating machines
[20]. Time Domain Characteristics (TDF) are calculated from
the raw signals if the collected data from sensors are not
largely affected by noise,however, if the signal is affected
it must first proceed through the filtering step. We present
some of the most commonly used health indicators (HI) for
monitoring the rotated systems based on vibration signal:
kurtosis(Xkur), root mean square (Xrms), standard devia-
tion (Xstd), variance (Xvar), entropy (Xent),etc. It has been
demonstrated that these features are sensitive to one or more
faults and contribute in describing the state of machine [21].
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where, i is the sample of signal x, N :is the length of x,
Xmean: mean of x and Xrms: RMS of x.

III. TECHNIQUES OF SIGNAL PROCESSING

Frequency domain methods offer the possibility of isolating
specific frequency components related to specific machine

component faults. The limitations of these conventional meth-
ods appear when analyzing the non-stationary vibrations sig-
nals generated by faults having low energy and overwhelmed
by a large amount of noise. To deal with these problems,
time-frequency (TF) analysis techniques have been devel-
oped. Empirical Mode Decomposition (EMD) [22], Empirical
Wavelet Transform (EWT) [23] etc. In the last decade, the
wavelet transform has drawn a lot attention and it could
overcome the classical TF tools. It has many application in
rotating machines diagnosis such the work of YAN Ruqiang
et al [24]. The high-frequency band is not divided when the
modulation of the information of a machine fault exists. Thus,
the wavelet packet transform (WPT) is proposed. It provides a
complete level by level TF decomposition of signal. It may not
only supply richer information but also supply more promise
frequency localization information. Nevertheless, the WT or
even WPT cannot give an effective information due to the
lack of adaptability [25], [26]. The Kurtogram analysis is
powerful tool in bearing fault detection [27] by determining
the most impulsive frequency-band. The FK has the ability
to detect fault frequencies from the non-stationary signal and
in strong gaussian noise. Many researchers observed that FK
is less successful in non-gaussian noise (low Signal to Noise
Ratio (SNR)) and they are investigated to develop the FK to
overcom difficulties of detection in this several condition .The
improved FK called Autogram analysis which is developed by
Moshrefzadeh al [28] confirms the advantages of analysis in
bearing and also in gears systems [28], [29].

IV. MATHEMATICAL BACKGROUND

A. Autogram analysis

The Autogram is an improved method of Fast Kurtogram
(FK), where the FK is effective tool and especially in detecting
faults of bearings by determining the impulsive frequency
band. FK can detect and localize fault from non-stationary
signal and even strong gaussian noise, but its effectiveness
is limited in cases where the signal is affected by non-
Gaussian noise. To overcome the limitations of FK, a new
technique based on Auto-correlation (AC) is introduced ti find
suitable band-pass for demodulation where the corresponding
procedure are described as follows:

(i) the original signal is divided in different frequency bands
using Maximal Overlap Discrete Wavelet Packet Trans-
form (MODWPT) which eliminates the down-sampling
part in Discrete Wavelet Packet Transform (DWPT) [21]
[30].

(ii) Application of squared envelope on the resulting nodes
from MODWPT , the aim of this part is to better
visualize the amplitude modulation in the nodes.

(iii) Integrate the advantage of auto-covariance periodicity
function that can charactirizes the second order of vi-
bration signal cyclo-stationarity . The AC is calculated
from the squared envelope.A modified version of the
kurtosis is proposed to quantify the impulsivity of the
AC for each nodes [28].



(iv) Calculate the kurtosis of the resulting AC and select
band-pass that contains the highest kurtosis value of
nodes.

(v) Compute the fourier transform to extract fault charac-
teristics from squared envelope .

B. Adaptive neuro inference system (ANFIS)
The ANFIS system is combined between the artificial

neural network (ANN) and fuzzy logic system (FLS), it
takes the advantages of these two techniques to have a good
decision of input or data set, this decision is automatic and
hybrid to determine the situation or severity or location
of a defect in rotating machines as in fault diagnosis, we
hope that this decision will be approximate to the human
decision. ANFIS system is integrated in Takagi Sugeno
model fuzzy logic where the gradient descent and the
least squares method are used determine the consequent
parameters. ANFIS has an architecture of five layers which
contains nodes. To better understand the functionality of
this system we give this example of two inputs and one output.

Fig. 2. degree membership of inputs

{
O1i = µAi(x) i = 1, 2
O2i = µBi(x) i = 1, 2

(3)
 

 

Fig. 3. ANFIS architecture.

• Layer1: the input layer contains nodes which generate
membership grade of inputs, these nodes are adaptive.

• Layer2: this fixed nodes will multiplies the two grades
of membership (A,B) of the two inputs.

µAi(x) ∗ µBi(y) , i = 1, 2 (4)

• Layer3: layer will normalize the strength of a rule which
are the consequent of the second layer.

• Layer4: this layer is linear, the input of his adaptive nodes
are multiplied by which is a first order polynomial with
the parameters(pi, qi, ri , so the output of this layer is
given by:

wi ∗ fi = wi ∗ (pix+ qiy + ri) (5)

• Layer5: the last layer performs the summation of
incoming signals (inputs of layer or the outputs of recent
layer) , where the output is given as follows:

f =
∑

wi ∗ fi =

∑
i

wi ∗ fi∑
i

wi
for i = 1, 2 (6)

V. EXPERIMENTAL RESULT AND DISCUSSION

A. Experiment data acquisition

Vibration data was collected using the Green Power Moni-
toring System from a high-speed shaft bearing mounted inside
a 2 MW wind turbine. The vibration measurement was col-
lected from 50 consecutive days using accelerometers which
are positioned radially on the bearing support ring [31].The
speed of input shaft bearing was 1800 rpm which is equal to
30 hz where the sampled frequency is 97656 Hz for 6 s .

Fig. 4. Experimental test-bed.

B. The proposed approach

In this section,we present the procedure of the proposed
a method for RUL estimation based on feature extraction
using adaptive neuro fuzzy inference system (ANFIS) and
fault identification using autogram analysis.The collected sig-
nals are grouped in order to visualize the amplitude varia-
tion(Amplitude modulation) caused by the fault evolution in
bearing (Fig.7).

In the first step, time domain features(TDFs) are applied
to extract reliable characteristics that can monitoring the
evolution of fault in ball bearing which are acquired during 50
days of acquisition. Figure 8 presents the evolution of scalar
indicators: Standard deviation(std), peaktopeak (P2P), Entropy
log energy(En-log-en) and kurtosis (KUR) .The degradation
of state is observed from these indicators; especially in KUR,
stability is observed in the first 26 days, but after these days



Fig. 5. Proposed approach.

Fig. 6. Acquired vibration signals of 50 days .

it is unstable, which makes difficult to assess the fault bearing
degradation .

Fig. 7. Evolution of TDFs.

Most research uses the smoothing function to stabilize
health indicators (HI) and to normalize unregulated values in
the set of vector points .So to enhance and to construct more
reliable features ,the extracted characteristics are smoothed
by the given equation :


Y(1) = y(1)
Y(2) = (y(1) + y(2) + y(3))/3

Y(n) =y(n− i)+...+y(n)+...+y(n + i)/L

(7)

Fig. 8. Evolution of Smoothed-TDFs.

where Y is the smoothed value,y is kurtosis value, L is the
total number of series-value and i is the iteration number it’s
defined in [1 to L].

Figure 8 shows the evolution of the smoothed characteristics
where the smoothed kurtosis indicator (Sm-KUR) presents an
appreciable input vector where degradation is really observed.
Thus, the smoothed KUR characteristic describes the health
state of bearing and the RUL is estimated according to the
selected indicator.

In this study, the measured Kurtosis value from vibration
signal cannot be smoothed and we have no information on the
passage from a point to a smoothed value. This is why ANFIS
was introduced to give a more accurate model, especially in
areas of fluctuation that can cause incorrect results. The first
model presents a learning system for the transfer of the normal
kurtosis value to a smoothed value and the second ANFIS
converts the smoothed-kur to the estimated RUL.

Fig. 9. Predicted RUL on tested data.



Figure 9 shows the results of the RUL estimation of each
tested samples over 50 days. The training system is learned by
ANFIS using the proposed method and the output is the result
tested samples.The result of proposed approach is compared
to other techniques by calculating the root mean squared error
(RMSE) of output as it is presented in Eq.8:

RMSE =

√
1

N
× abs ((predictedRUL− Target)) (8)

According to the presented results in the Table.1 , it can
be concluded that the proposed approach provides a more
accurate RUL estimation and confirms its effectiveness in
predicting the life time of ball bearings.

TABLE I
FORMULA OF EXPECTED BEARING FAULTS FREQUENCIES.

Methods RMSE

Proposed approach 6.4652
Polynomial regression 29.94.2

K.Abid [32] 16.484
sk-mean exp model [32] 22.214

C. degraded element in bearing using Autogram analysis

This part identify the degraded component in bearing using
Autogram analysis, a comparison with FK analysis is intro-
duced to validate the effectiveness of the proposed method.
First, we present the result of FK of 15,30 and 45th day of
acquisition. The resulting frequencies are referred to the fault
frequencies given in the Table 2.

TABLE II
FORMULA OF EXPECTED BEARING FAULTS FREQUENCIES.

Type of fault faults frequencies

Inner-race fault (IR) 9.47.fr
Outer-race (OR) 6.72.fr

Rolling-element (B) 1.435.fr
Cage fault (CG) 0.42.fr

The results of Kurtogram and Autogram are described in
Table 3 . Kmax of the three days in FK didn’t indicate the
presence of fault , but on the other side, the autogram has
an acceptable and logical indication when its Kmax value
progresses. Figure 10 and Figure 11 show the spectrum of
the resulting band-pass (selected band) using kurtogram and
Autogram analysis respectively ; where the kurtogram failed
to extract fault frequency, however the Autogram detects
the appearance of new frequencies in the 30 and 45 days
which really means that these frequencies correspond to fault
frequency of degraded element in bearing (Fir= 283.8 hz)

TABLE III
FORMULA OF EXPECTED BEARING FAULTS FREQUENCIES.

Day of acquisition Parameters FK Autogram

Level 1 7
15th Bw(hz) 24414 381.4688

fc(hz) 12207 1716.6094
Kmax 0.1 2.1

Level 6 5
30th Bw(hz) 762.9375 1525.875

fc(hz) 11825.5313 12969.9375
Kmax 0.1 3.8

Level 7 4
45th Bw(hz) 381.4688 3051.75

fc(hz) 11253.328 1068.125
Kmax 0.2 9.3

Fig. 10. Spectrum of resulting band with FK .

and to rotation frequency (Fr= 30 hz).Based on the spectrum
analysis, the autogram gives satisfactory results by detecting
the degraded element in the bearing.

VI. CONCLUSION

This paper presents a data-based prognostic method using
vibration signal acquired from a wind turbine gearbox. The
approach addresses to bearing prognosis by predicting the
RUL of high speed shaft bearing, that is based on feature
extraction (kurtosis indicator). ANFIS is used to model the
non-linear degradation function and to predict the life of the
rotating components. the analysis is structured in two parts:
the first one is based on feature extraction for fault health
assessment and the second using autogram technique for fault



Fig. 11. Spectrum of resulting band with Autogram.

identification and localization.The obtained experiment results
show the the efficiency of proposed approach. In the coming
challenges, it is hoped to introduce the autogram analysis as
a diagnostic and prognostic tool to improve the adaptation of
the approach to problems that will be encountered in future
research.
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