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Abstract
The Artificial Neural Network (ANN) and curve fitting are traditionally prevalent for prognosis of bearing
due to the simplicity of application. The fusion techniques are known to increase the diagnostic capabilities
of the damage identification parameters (such as RMS, Peak etc.). However, the role of the fusion techniques
in the prognosis of a bearing is still to be explored (attempted in this work). The Mahalanobis-Taguchi-
Gram-Schmidt (MTGS) technique is used to fuse various damage identification parameters into a single
fused parameter, Mahalanobis Distance (MD). The MD is used as a damage identification parameter for the
ANN and the curve fitting. Three methods (i) ANN with damage identification parameters (ii) ANN with
MD and (iii) Curve fitting with MD are compared for the effectiveness of the prognosis. The polynomial fit,
the Gaussian fit, the sum of sinusoidal fits, and the sigmoid shape fit are attempted. The vibration data for
these methods is acquired from a naturally induced and progressed defect through an accelerated life test.

1 Introduction

Rolling element bearing is a mechanical part with a wide application range. In the industry, the sudden
failure of the bearings may have severe consequences both direct and indirect. The direct consequences may
be in terms of the production loss and the indirect consequences may include the idle labor cost, the overtime
payments to compensate the lost production, and the cost of the scrapped components due to incomplete
manufacturing etc. [1]. In critical applications, such as the transportation industry, the failure of the bearing
may cause accidents resulting in the loss of human lives [2]. Therefore, a robust prognosis of the rolling
element bearing is required for remaining useful life (RUL) prediction.

Data fusion is an emerging field in the diagnosis of rolling element bearing. In the data fusion, the data
obtained from different sources are fused to increase the efficiency of the diagnosis [3]. The Artificial Neural
Network (ANN) and curve-fitting are the most commonly used techniques for the RUL prediction. In the
present work, an attempt is made to assess the effect of integrating the data fusion technique (MD) with the
commonly used RUL prediction techniques (ANN and curve-fitting) on the prediction of the RUL.

2 Experimental set-up

A life test has been performed to acquire the vibration data. Figure 1 shows the schematic of the test rig used
to perform the life test. The shaft of the test rig may rotate up to a speed of 5000 rpm and the applied load
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on the test bearings may go up to 50% of the bearing dynamic capacity. The RHP make 7917A5 angular
contact bearing was run under accelerated operating conditions. The radial load was kept constant at 23% of
rolling element bearing dynamic load capacity. The speed of the shaft was fixed at 2280 rpm. The vibration
data was recorded at every 10 minutes for a duration of 10 seconds using a PCI4472 card (from NI). A
sampling frequency of 50kHz is used for the vibration data acquisition. The first 9 second datasets are used
for training the ANN or the curve-fitting, the 10th second dataset has been used for prediction. The rolling
element bearing lasted for 137 hours and 40 minutes.

Figure 1: The schematic of the experimental set-up [1].

3 Data fusion technique

The vibration data acquired is processed in the time-domain, the frequency domain, and the time-frequency
domain. The RMS, peak, Kurtosis, and Crest Factor are computed in the time domain. The outer race
defect frequency amplitude (ORDFA), inner race defect frequency amplitude (IRDFA), and ball defect fre-
quency amplitude (BDFA) are computed in the frequency domain and the HHT peak is computed in the
time-frequency domain. These eight damage identification parameters (features) are fused together into
Mahalanobis distance (introduced by Mahalanobis [4]) using a data fusion technique Mahalanobis-Taguchi-
Gram-Schmidt method. The Mahalanobis distance is a distance between an observation (acquired vibration
data, depicted by the corresponding eight damage identification parameters) and the considered distribution
(vibration data from the healthy dataset).

3.1 Mahalanobis-Taguchi-Gram-Schmidt method

Using the Mahalanobis-Taguchi-Gram-Schmidt method [5], the eight features are fused into the Mahalanobis
distance. Initially, all the features (from different observations) are converted into standardized vectors (Zij).

Zij =
(Xij −mi)

Si
(1)

where Xij= value of the ith feature in the jth observation, mi = mean of the ith feature of the considered
distribution (healthy group), Si= standard deviation of the ith feature of the considered distribution (healthy
group).
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The standardized vectors are converted into the orthogonal vectors of the same linear span using the following
set of equations:

U1 = Z1 (2)

U2 = Z2 −
Z ′2U1

U ′1U1
U1 (3)

...

Uk = Zk −
Z ′kU1

U ′1U1
U1 − . . . . . .−

Z ′kUk−1
U ′k−1Uk−1

Uk−1 (4)

Where Zk = (Zk1, Zk2, ..........., Zkn) is the kth set of the standardized vector obtained as per equation (1)
and Uk = (Uk1, Uk2, ..........., Ukn) is the kth set of the mutually perpendicular vector with the same linear
span.

The Mahalanobis distance corresponding to the jth observation is given by the following equation:

MDj =
1

k

(
U2
1j

S2
1

+
U2
2j

S2
2

+ . . . . . .+
U2
kj

S2
k

)
(5)

where Ukj is the element of Uk, Sk is the standard deviation of the Uk and k is the total number of features.

4 Results and discussions

Three approaches (i) ANN with damage identification parameters (ii) ANN with the MD and (iii) Curve
fitting with the MD are compared for the effectiveness of the prognosis. The details of these approaches are
discussed in this section.

4.1 ANN with damage identification parameters (features)

In this approach, different sets of 8 damage identification parameters (features) are taken as inputs and the
corresponding actual remaining useful life (RUL) values are taken as the targets. The datasets from the first
9 seconds are used for the training of the ANN. A two-layered ANN with one hidden layer is trained using
Neural Network Fitting Tool in Matlab R©. The Levenberg-Marquardt algorithm is used for the training and
70% of the training dataset is used for training, 15% for the validation, and 15% for the testing. The overall
R− squared value for the training came out to be 0.978.

For the prediction of the remaining useful life (RUL) at a given time, 3 consecutive vibration datasets are
considered. The RUL is predicted at these 3 consecutive datasets using the ANN. The moving average of
these three predictions is used to indicate the RUL at the given time. This is done to avoid the effect of
the outliers. The RUL is predicted from the start of the life test, however, the importance of the prediction
increases towards the end of the life of the bearing (as towards the end of the bearing life the decision to
purchase a spare has to be made). Figure 2 shows the RUL prediction for the ANN with damage identification
parameters approach. It may be seen in Figure 2 that after 100 hours onwards, the difference in the actual
and the predicted RUL (error) is small, which indicates the robustness of the approach. However, it may be
noted that for a few points, the predicted RUL is negative clearly indicating that the physics of the problem
is not properly captured by the current approach.

Figure 3 shows the histogram of the RUL prediction error for the ANN with damage identification parameters
approach, which is useful for qualitative analysis of the RUL prediction error. The root mean square error
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Figure 2: The RUL prediction from the ANN with damage identfication parameters.

Figure 3: The histogram of the RUL prediction errors for the ANN with damage identfication parameters.

(RMSE) of the RUL prediction is computed to be 7.12 hours and the R − squared is 0.968. In addition,
the 56.2% of the RUL predictions are within ±5 hours (3.6% of the bearing life) and the 82.3% of the RUL
predictions are within ± 10 hours (7.2% of the bearing life).

4.2 ANN with the MD

As discussed in Section 3, using the MTGS method the 8 damage identification parameters are fused in the
Mahalanobis distance (MD). The different sets of the MD values are taken as the inputs and the corresponding
actual RUL values are taken as the targets and the ANN is trained. All the aspects of the ANN are kept same
as in the previous approach. The overall R− squared value for the training is computed to be 0.951.

Figure 4 shows the RUL for the ANN with the MD approach. A comparison with figure 2 clearly indicates
that the performance of RUL prediction has degraded while the ANN is trained with the MD. Figure 5 shows
the histogram of the RUL prediction error for the ANN with the MD approach. The RMSE of the RUL
prediction is 11.67 hours and the R− squared is 0.914. In addition, only 36.5% and 62.1% of RUL predic-
tions are within ±5 hours (3.6% of the bearing life) and ±10 hours (7.2% of the bearing life) respectively.
Therefore, the training of ANN with only MD results in poor performance of the RUL prediction in compar-
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Figure 4: The RUL prediction from the ANN with the MD.

ison with the training of ANN with damage identification parameters (the previous approach). This is on the
expected line as in the first approach, 8 features were used as input as opposed to only 1 feature (MD) in the
second approach. Though the overall performance is worse than the first approach, it may be noted that all
the predictions are non-negative (close to the physics of the problem).

Figure 5: The histogram of the RUL prediction errors for the ANN with the MD.

4.3 Curve fitting with the MD

The last approach is curve fitting with the MD (more of trial and error type). Initially, multiple curve-fits
such as polynomial fit, the Gaussian fit, the sum of sinusoidal fits, and the sigmoid shape fit are attempted.
The curve fitting is done between the RUL and the log10MD (as the range of the MD is high up to 106). In
addition, before curve fitting the values of the log10MD are smoothened using moving average method (of
span 3). The fit with the maximum R − squared value and practical suitability (the trend of the end of the
curve; a curve stabilizing towards zero RUL toward the end is desirable) is used for RUL prediction for the
10th dataset. In addition, it should be ensured that the RUL should not be negative and the 95% confidence
bounds of the higher order coefficients should not cross zero, which means overfitting of data.
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The following polynomial model is used for the curve fitting:

y =

n∑

i

pix
n+1−i (6)

where n is the degree of the polynomial and n+1 is the number of the coefficients to be fitted for the model
(denoted by pi).

Figure 6: Curve fitting for the family of the polynomial fits.

Figure 6 shows the curve fitting for the family of the polynomial fits. It may be noted from the Figure 6 that
towards the end of the curve (near the maximum value of the log10(MD)), none of the curve-fits remains
steady. Therefore, the prediction of the RUL is not accurate towards the end of the bearing life where it
matters the most. However, it may be noted in the Figure 6 that the extent of the overfit is small for the
family of the polynomial fits.

The following model is used for the sum of sinusoidal fits:

y =
n∑

i

ai sin(bix+ ci) (7)

where n is the number of terms in the series. The ai, bi, and ci are the amplitude, frequency, and phase
constant for the ith term of the series.

Figures 7 depicts the curve fitting for the fitting of the remaining useful life and the log10(MD). It may be
noted that towards the end of the bearing life (corresponding to the high value of the Mahalanobis distance)
the curve-fits do not stabilize (Figure 7). In addition, many of the fits from the family tend to overfit (multiple
valley and crests are visible in the fits). Therefore, the family of the sum of sinusoidal fits is not suitable for
the remaining useful life prediction of the bearings.

The following definition of the Gaussian fits is used for the curve fitting:

y =
n∑

i

ai exp[−(
x− bi
ci

)2] (8)

where n is the number of the peaks to fit. The ai, bi, and ci are the amplitude, centroid and a parameter
related to the width of the peak respectively.
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Figure 7: Curve fitting for the family of the sum of sinusoidal fits.

Figure 8: Curve fitting for the family of the Gaussian fits.

Figure 8, the curve-fits between the RUL and the log10(MD) for the Gaussian family, clearly shows that
toward the end of the bearing life most of the fits stabilize. However, for a couple of fits (Gaussian 7 and
Gaussian 8) tend to overfit is clearly visible. A comparison among the polynomial fits, sum of sinusoidal fits,
and Gaussian fits shows that the Gaussian 3 is the best curve-fit. However, it tends to overfit the data as the
95% confidence bound for a parameter crosses zero.

As the RUL should stabilize towards the start and end of the bearing life, a scaled form of the sigmoid shape
is a good choice. As many functions (hyperbolic tangent function, error function, inverse tangent function
etc.) have a shape similar to the sigmoid shape, a linear combination of these is used for curve-fitting. This
linear combination of functions having the shape closer to sigmoid is defined as follows:

y = a(tanh(x− 1)) + b

[
x√

1 + (x− 3)2

]
+ c

[
erf

(√
π

2
(x− 3)

)]
+ d

(
2

π
tan-1

π

2
(x− 3)

)
+ e (9)

Figure 9 shows the curve-fitting by the considered combination of functions having the shape similar to
sigmoid along with the previous best fit “Gaussian 3”. The RMSE and R − squared values are close for
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Figure 9: Curve fitting for the Gaussian3 and sigmoid combination fit.

Type of fit RMSE R− squared
Gaussian 3 8.689 0.9469

Sigmoid shape 8.724 0.9464

Table 1: Comparison of parameters for the Gaussian 3 and sigmoid shape curve-fits

Figure 10: The RUL prediction from the sigmoid shape curve-fit with the MD.

Approach RMSE R− squared within ± 5 hours within ± 10 hours
ANN with DIP 7.12 hours 0.968 56.2%predictions 82.3% predictions
ANN with MD 11.67 hours 0.914 36.5% predictions 62.1% predictions

Curve fit with MD 12.16 hours 0.906 34.5% predictions 62.2% predictions

Table 2: Comparison of parameters for the Gaussian 3 and sigmoid shape curve-fits

both the fits, the Gaussian 3 being marginally better (see Table 1). However, as discussed earlier the Gaussian
3 tends to overfit (clearly seen towards the start of bearing life). The sigmoid shape fit does not overfit the data
and the RUL prediction also stabilizes towards the end (from the definition of the sigmoid shape functions).
Therefore, the sigmoid shape curve-fit is used for the RUL prediction for the 10th second dataset.
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Figure 11: The histogram of the RUL prediction errors for the sigmoid shape curve-fit with the MD.

Figure 12: The comparison of RUL prediction from all approaches.

Figure 10 shows the RUL for the curve-fitting approach (with the sigmoid shape fit). Figure 11 shows the
histogram of the RUL prediction error for the sigmoid shape fit on the MD. The RMSE of the RUL prediction
is 12.16 hours and the R − squared value is 0.906. In addition, only 34.5% and 62.2% of RUL predictions
are within ±5 hours (3.6% of the bearing life) and ±10 hours (7.2% of the bearing life) respectively. The
RUL prediction in the current approach is similar to the previous approach (ANN with MD) but worse in
comparison to the first approach (ANN with DIP). It may be noted that all the predictions are non-negative.

The RUL predictions of all the approaches are compared in the Figure 12. It may be noted that performances
of the second approach (ANN with MD) and the third approach (Sigmoid curve fit with MD) are comparable
at many time instants. To provide a better insight, different parameters related to all approaches are compared
in Table 2.
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5 Conclusions

Three different approaches are compared for the RUL prediction for a set of common data originating from
a naturally induced and progressed defect. In the first approach, the ANN is trained with the help of 8
damage identification parameters while in the second approach the ANN is trained with the help of the MD
(a fused feature obtained by data fusing the 8 damage identification parameters by the MTGS method). The
third approach is curve fitting a function of the MD and the RUL by a linear combination of the sigmoid
shape function. The first approach, the ANN with DIP, performs the best. The data fusion of 8 damage
identification parameters does not perform well as the ANN is trained by less amount of data in comparison
with the first approach.
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